University of Arkansas, Fayetteville

ScholarWorks@UARK
Graduate Theses and Dissertations
7-2021

Assimilation of Seasonal Moisture Variability in North America
and Asia for the Last Millennium
Chang Liu
University of Arkansas, Fayetteville

Follow this and additional works at: https://scholarworks.uark.edu/etd
Part of the Atmospheric Sciences Commons, Climate Commons, Environmental Indicators and Impact
Assessment Commons, Environmental Monitoring Commons, and the Environmental Studies Commons

Citation
Liu, C. (2021). Assimilation of Seasonal Moisture Variability in North America and Asia for the Last
Millennium. Graduate Theses and Dissertations Retrieved from https://scholarworks.uark.edu/etd/4215

This Dissertation is brought to you for free and open access by ScholarWorks@UARK. It has been accepted for
inclusion in Graduate Theses and Dissertations by an authorized administrator of ScholarWorks@UARK. For more
information, please contact scholar@uark.edu.

Assimilation of Seasonal Moisture Variability in North America and Asia for the Last
Millennium
A dissertation submitted in partial fulfillment
of the requirements for the degree of
Doctor of Philosophy in Environmental Dynamics
by
Chang Liu
Lanzhou University
Bachelor of Science in Atmospheric Science, 2014
Lanzhou University
Master of Science in Applied Meteorology, 2017
July 2021
University of Arkansas
This dissertation is approved for recommendation to the Graduate Council.

Song Feng, Ph.D.
Dissertation Director

David W. Stahle, Ph.D.
Committee Member

John Robert Tipton, Ph.D.
Committee Member

ABSTRACT
The seasonal tree-ring chronologies that recorded discrete moisture signal for warm and
cool season have been used to reconstruct the North America Seasonal Precipitation Atlas
(NASPA) by the point-by-point regression method, and the results indicated that they can fairly
reproduce the seasonal precipitation variability in the past. Compared with reconstructions using
only paleoclimate proxy data, the paleoclimate data assimilation (PDA) considers both proxy
data and climate model output, so the PDA reconstructions are consistent with both the climate
signals reflected by the proxy data and the physical mechanisms represented by climate models.
Based on the tree rings with discrete seasonal signals, this doctoral research reconstructed the
physically and dynamically consistent seasonal moisture over North America (NASM) in the last
millennium using PDA method. Additionally, the global SST and 500 hPa geopotential height
were also reconstructed using PDA. The validation of various instrumental data shows that the
reconstruction skill of NASM is slightly better than the proxy-based reconstruction over most
areas except the Western United States. NASM is subsequently used to investigate the seasonal,
spatial, and temporal variations of major drought and pluvial events in North America as well as
their causal mechanisms. The spatial and temporal characteristic of moisture variations and
hydroclimatic extremes are notably different in warm and cool season, indicating that the
seasonality is an important component of hydroclimatic variability behind dryness and wetness
regimes in North America. Seasonal precipitation variability in North America during the last
millennium was mainly affected by El Niño/Southern Oscillation (ENSO). In addition to ENSO,
the North Atlantic Oscillation (NAO) and North Pacific SST also played important roles on the
warm and cool season precipitation, respectively. The PDA method was also adopted to
reconstruct warm season moisture in Asia (WSMA). The inclusion of Chinese historical

documentary proxies, which mainly represent warm season precipitation, can improve the
reconstruction skill compared with the previous PDA-based moisture studies, especially in East
and North China. The nature of PDA also ensures that the WSMA can successfully reproduce
persistent droughts and corresponding atmospheric and oceanic conditions. Furthermore, the
fidelity of PDA method beyond the instrumental era evaluated by pseudoproxy experiments
indicated that reconstruction skill varies in time and space due to the uneven distribution of
available moisture proxies.
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CHAPTER 1
Introduction
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1. INTRODUCTION
The variations of moisture/precipitation have profound socioeconomic and environmental
impacts. Drought, as one of the most damaging natural and recurring disasters, can cause billions
of US dollars in damage and affect millions of people every year (Sternberg, 2011; Wilhite,
2000). The impacts of severe drought events (i.e., the 1930s “Dust Bowl” in the Great Plains of
US) are more pronounced (Woodhouse & Overpeck, 1998). In addition to drought, flood/pluvial
is another types of natural disaster causing enormous damages to lives, properties, crops, and
infrastructures. In the past decades, reported annual losses from floods have reached tens of
billions of US dollars, and thousands of people were claimed each year globally. The
hydroclimatic extremes have also played an important role on the rise and fall of civilizations
and/or the dynasties in the past. For example, the collapse of the Yuan (Zhang et al., 2008) and
Ming Dynasties (Shen et al., 2007; Zhang et al., 2008) in China have been attributed to
megadroughts lasting for decades or longer. Under the context of global warming, droughts and
floods are projected to become more severe and widespread because of the intensification of
global water cycle (Cook et al., 2014; Dai, 2011, 2013; Hirabayashi et al., 2013; Milly et al.,
2002; Prudhomme et al., 2014; Sheffield & Wood, 2008). Besides anthropogenic forcing, future
droughts and pluvials could also arise from natural variability. There was no significant
anthropogenic forcing in the past, so studying the development of pre-instrumental moisture
extremes can help to better understand the natural variability, which is an important prerequisite
for predicting future hydrological change. The last millennium is a reasonable time window to
understand the natural variability of moisture variations due to the availability of high-resolution
paleoclimate proxies.
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The past climate variations can be retrieved from proxies. The temporal resolution, time
span, and geographical distribution of proxies vary. Some types of proxies (i.e., historical
documents, tree rings, corals, ice core, and cave stalagmite) are annually or seasonally resolved,
so they can be used to reconstruct past climate on annual or seasonal scale. The pollen and
lacustrine and oceanic sediment cores, on the other hand, can only record low frequency climate
signals and are generally used to describe climate changes on centennial or longer scale (Philip et
al., 2009). In terms of time span, the proxies with relatively low-resolution generally span long
intervals. For high-resolution proxies, tree rings are usually available for several centuries and
occasionally one millennium or longer. The ice cores provide climate information over multiple
millennia, while the multi-century coral records are relatively rare. The low-resolution proxies,
like pollen, can record the climate information for the past hundreds of thousands of years, and
even millions of years (Melles et al. 2012). For the geographical distribution of different types of
proxies, corals are only limited to the tropical oceans (Hendy et al., 2002); ice cores are located
in the polar and/or high mountains where other proxy indicators are not available (Meeker &
Mayewski, 2002); tree rings can be found in most subpolar and mid-latitude terrestrial regions
(Jones et al., 1998). Single proxy record can only be used to examine local climate variations, but
proxy records at different locations can be integrated to understand regional climate variations.
For example, the Monsoon Asia Drought Atlas (MADA), a gridded PDSI dataset over the Asian
monsoon region during the past 700 years, has been reconstructed based on 327 tree-ring
chronologies (Cook et al., 2010). In addition to the reconstruction based on a single type of
proxy, multiple different types of proxies are combined to compensate for the shortcomings
embedded in each type of proxy records, take advantage of the complementary strengths of the
diverse sources of proxy information, and provide more robust climate reconstructions (Mann,
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2002). For example, Feng et al. (2013) reconstructed the warm season precipitation over the past
500 years on half degree resolution in Asia using multiple proxies, including tree rings, ice cores,
and documentary records.
Due to the heterogeneous spatial distribution, various temporal resolution, and dating
error, the past climate conditions revealed by different proxy data can be different, or even
contradictory to each other (Chen et al., 2016; Liu et al., 2015). Additionally, the commonly used
proxy-based reconstruction methods, i.e. Composite Plus Scale and Climate Field Reconstruction,
generally rely on the stationary relationship between climate variables and indices. Specifically,
these methods assume that the relationship between climate variables and proxy records in the
past is same as that determined by the calibration period, although the statistical relationships are
dynamic rather than stationary (Phipps et al., 2013; Steiger et al., 2014). Because of these
limitations in the available proxy data, some investigations on past climate, especially the causal
mechanisms, relied on experiments using general circulation models (GCMs). These include
model experiments designed to address specific drought and pluvials hypotheses (Feng et al.,
2008; Oglesby et al., 2012; Seager et al., 2008), or analyze the simulations made by fully
coupled models driven by past changes in natural (e.g., solar and volcanic) and anthropogenic
forcings (e.g., greenhouse gases, land use/land cover). Nevertheless, models have difficulty
simulating the complex and nonlinear features of the climate systems due to the uncertainties in
natural and anthropogenic forcings, unknown model initial conditions, and potentially by
uncertainties in the proxy reconstructions. Therefore, although some of the forced GCM
experiments of the last millennium are able to reproduce the intensity or areal extent of the past
hydroclimate extremes, like enhanced drought during the Medieval Climate Anomaly (MCA)
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over North America (Feng et al., 2008; Landrum et al., 2013; Seager et al., 2008), none have
been able to fully reproduce the time clustering of the megadroughts (Coats et al., 2015).
Paleoclimate Data Assimilation (PDA) is an alternative approach to reconstruct and
understand past climate variations (e.g., Hakim et al., 2016; Steiger et al., 2014). PDA methods
use model-simulated climate states to measure the novel information in proxy data and to
spatially spread that information through other climate variables subject to the dynamical
constraints of the climate models (Fang & Li, 2016; Hakim et al., 2016). Therefore, the results of
PDA are consistent with climate signals reflected by the proxy data, as well as consistent with
the physical mechanisms represented by climate models (Fang & Li, 2016), and it is a best-ofboth-worlds method. In summary, PDA has the following advantages: 1) PDA can infer multiple
climate fields simultaneously (e.g., moisture and atmospheric circulations). 2) PDA does not
assume stationary teleconnections. 3) PDA uses dynamical models to infer spatial relationships
within and between climate fields, so the estimated multiple fields (e.g., moisture and
atmospheric circulations) are closer to the physical processes than reconstructions using only
paleoclimate proxy data.
PDA was first proposed in 2000 (Von Storch et al., 2000). Several diverse methods have
been investigated so far, include Nudging, the ensemble Kalman filter (EnKF), Particle Filter
(PF), and Proxy Surrogate Reconstruction approach (PSR). The Nudging method uses a dynamic
relaxation to adjust a model toward observations by adding an artificial forcing-term at each time
(Von Storch et al., 2000). The EnKF replaces the true covariance matrix in the Kalman Filter
with the sample covariance matrix computed from the ensemble (Hakim et al., 2016), while PF is
a Bayesian estimation algorithm based on sequential Monte Carlo method and estimates the
posterior probability density function via a number of weighted random particles in state space
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(Gordon et al., 1993). The PSR uses existing GCM time series as a database of realistic climate
states to identify the best spatial agreement between proxies and model simulations in a given
time domain (Graham et al., 2007).
PDA methods can be grouped into two categories: online and offline. The online methods
must run climate models several times, such as 50 -100 times (Perkins & Hakim, 2017), and
simultaneously correct the errors between the model simulations and proxy data (Annan &
Hargreaves, 2012; Crespin et al., 2009; Goosse et al., 2010; Goosse et al., 2006), so these
approaches are computationally costly and difficult to implement, and mainly applied with lowresolution climate models (400-500 km). The offline methods consider individual moments
independently and directly use existing model simulations to reconstruct the data at any given
time. Although the offline approaches can lose some of the physical realism in temporal domain
compared with online approaches, the offline approaches are more effective from a
computational cost perspective. Previous studies indicate that the online model forecasts have
limited skill with proxies assimilated on an annual resolution (Matsikaris et al., 2015; Tardif et
al., 2019). As a result, the offline EnKF method has been used in recent PDA studies (e.g.,
Hakim et al., 2016; Steiger et al., 2018; Tardif et al., 2019).
The Last Millennium Reanalysis (LMR) project for paleoclimate reconstruction of CE,
which is a state-of-art PDA-generated climate filed reconstructions using offline EnKF method,
can effectively reproduce the global and hemispheric temperature variation, as well as moisture
variation in North America (NA) and Europe (Hakim et al., 2016; Tardif et al., 2019). Although
LMR did an excellent job in NA, the reconstructions are annual averages, which cannot be used
to study the seasonality of past climate variations. The seasonal tree-ring chronologies in NA,
developed by Stahle et al. (2020), have been used to reconstructed the North America Seasonal
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Precipitation Atlas (NASPA) by the point-by-point regression method, and the results indicated
the seasonal tree rings can fairly reproduce the warm season and cool season precipitation
variation in the past. The seasonal tree rings provide a unique opportunity to reconstruct the
physically and dynamically consistent seasonal PDA climate field reconstructions to study the
past seasonal moisture variation and the causal mechanism for droughts and pluvials.
Meanwhile, LMR did a poor job in Asia due to lack of proxies. China possesses a rich
legacy of documents containing climatic information in the past, but they were not included in
the LMR reconstructions. Therefore, we collected the annually resolved drought/flood grade
proxy dataset based on China historical documents. It is composed by two parts. One is the
drought/flood grading for 63 stations from 137 BC to 1469 AD derived from 22567 pieces of
historical drought/flood descriptions extracted from ancient Chinese writings (Zhang, 1996), the
other is derived from “flood and drought distribution atlas of China in the last 500 years” for 120
locations (China Central Meteorology Bureau, 1989). The drought/flood grade information can
well represent the warm season precipitation (May–September) and have been validated and
used in studies about the past moisture variations on regional scale (e.g., Ge et al., 2016; Lee et
al., 2017; Zheng et al., 2014). We expect that the inclusion of the additional documentary proxy
data can improve the PDA performance in Asia.
This doctoral dissertation sought to develop a PDA-based seasonal moisture
reconstruction over NA and Asia during the last millennium, which could be used to make
inferences about the natural moisture variability at inter-annual to decadal timescale in the preinstrumental era. Meanwhile, the corresponding global atmospheric and oceanic variables,
including 500 hPa geopotential height and sea surface temperature (SST), are also reconstructed
to study the physical mechanisms of seasonal precipitation variations and the causal factors of
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major drought and pluvial events. The PDA framework and verification for seasonal moisture
reconstruction over NA are presented in Chapter 2. The characteristics and causal mechanisms of
major drought and pluvial events over NA through this reconstruction are presented in Chapter 3.
Chapter 4 is about the warm season precipitation reconstruction over Asia.
Chapter 2, titled “Assimilation and validation of seasonal moisture reconstructions and
atmospheric conditions over NA for the past millennium,” describes the PDA process used to
reconstruct seasonal precipitation over NA and the verification of the reconstruction. The warm
and cool season precipitation are reconstructed through PDA based on the seasonal tree-ring
chronologies developed by Stahle et al. (2020). In addition to seasonal tree rings, the proxies
used in LMR version 2 (LMR proxy dataset; Tardif et al., 2019) are also incorporated to
reconstruct the corresponding global 500 hPa geopotential height and SST. These reconstructions
are compared with instrumental climate data to evaluate the reconstruction skill. At the same
time, pseudoproxy experiments (PPEs) are conducted to exam the PDA performance beyond the
instrumental era, as well as to analyze the sensitivity of our results to the number of ensembles
for prior states and localization radius of the PDA framework. Chapter 3, titled “The oceanatmospheric forcing of seasonal droughts and pluvials over NA for the last millennium,”
demonstrates the detailed analysis of seasonal moisture reconstruction over NA. It was used to
investigate the seasonal, spatial, and temporal variations of major drought and pluvial events as
well as their causal mechanisms.
In Chapter 4, titled “Assimilation of warm season moisture variability and atmospheric
circulations over Asia during the Common Era,” the PDA framework used in Chapter 2 is
applied to reconstruct the warm season precipitation over Asia. The drought/flood grade dataset
based on China historical documents are collected and added to the LMR proxy dataset to
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improve the reconstruction skill of the midlatitude Asian region. The fidelity of the
reconstruction is verified by comparing with independent instrumental and PPEs, and the results
suggested that the correlation coefficient and coefficient of efficiency can be improved by
including hundreds of documentary proxies. Two examples, i.e. the analysis of moisture regime
in the past over Asia and the Late Ming Dynasty Megadrought, are exhibited to show the
potential applications of this dynamically consistent reconstructions of multivariate states. The
Chapter 5 highlights the major findings of Chapters 2-4 and summarizes future research
priorities.
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CHAPTER 2
Assimilation of seasonal moisture variability over North America for the past millennium
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ABSTRACT
Paleoclimate data assimilation (PDA) is widely used to study past climate change. Based
on seasonally resolved tree ring chronologies, PDA is used to reconstruct warm season (MJJ)
and cool season (DJFMA) precipitation over North America during the past two millennia in this
study. The new reconstructions are compared with the North American Seasonal Precipitation
Atlas (NASPA), which is reconstructed by the point-by-point regression method based on the
same proxy dataset. Validation against various instrumental data shows that the reconstruction
skill has improved compared with the NASPA in most areas except the Western United States.
The new reconstructions can provide a skillful estimate of seasonal moisture variation and can be
used to study the differences in the timing, pattern, and intensity of cool and warm season
moisture regimes in the past. Pseudoproxy experiments are also applied to determine the basic
parameter settings of PDA and to evaluate the fidelity of the PDA method in estimating seasonal
precipitation beyond the instrumental era. The results indicate that reconstruction skill varies in
time and space because of the uneven distribution and availability of proxies.

1. INTRODUCTION
In the 1930s, 1950s, and early 2000s, North America (NA) experienced severe droughts
(Fye et al., 2003; Seager, 2007), which have had profound socio-economic and environmental
impacts on agriculture, ecosystems, water utilization, and public health. According to NOAA
National Centers for Environmental Information, the total estimated damage caused by droughts
in the United States from 1980 to 2020 exceeded $254 billion, with an average cost of $9.4
billion per drought. In addition to drought, pluvials and floods are another kind of natural
disaster that can cause damage to life, property, crops, and infrastructure (Kundzewicz et al.,
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2019). Between 1998 and 2017, 2 billion people worldwide were affected by floods according to
the World Health Organization. Under the context of global warming, droughts are projected to
become more severe and widespread (Cook et al., 2016; Sheffield and Wood, 2008; Dai, 2011,
2013; Feng and Fu 2013; Prudhomme et al., 2014; Cook et al., 2014a), and the intensification of
global water cycle also increases the risk of flooding (Milly et al., 2002; Hirabayashi et al., 2013).
In addition to anthropogenic forcing, future droughts and pluvials could also arise from natural
variability. Therefore, understanding the physical mechanisms responsible for droughts and
pluvials in the past is an important prerequisite for predicting future hydrological changes.
In order to evaluate moisture variations in the past, several proxy-based moisture
reconstructions have been developed in North America. The North American Drought Atlas
(NADA) was established to represent the changes of summer Palmer Drought Severity Index
(PDSI) based on tree rings (Cook et al., 2014b). Summer PDSI is a measure of the long-term soil
moisture balance integrated over the winter, spring, and summer seasons (Cook et al., 1999). The
NADA is unable to address the seasonality of droughts and pluvials, which may be an important
component of variability and forcing behind dryness and wetness regimes. Subsequently, the
North America Seasonal Precipitation Atlas (NASPA) was developed to investigate the
variations of seasonal precipitation in North America over the past two thousand years (Stahle et
al., 2020). These gridded drought reconstructions have provided detailed knowledge of past
droughts and pluvials, allowing recent moisture changes to be placed in a broader historical
context of the climate variability (Cook et al., 2010).
PDA is another widely used method to study past climate variations. PDA can synthesize
the advantages of proxy and climate models together to obtain the optimal estimates of past
climate conditions (Phipps et al., 2013), so the results of PDA are consistent with climate signals
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recorded in the proxy data, as well as the physical mechanisms represented by climate models
(Edwards et al., 2013). The Paleo Hydrodynamics Data Assimilation (PHYDA) is a PDA-based
reconstruction that includes basic climate variables (temperature, PDSI, and standardized
precipitation evapotranspiration index) and climate indices (the Atlantic multidecadal oscillation
index, the location of the intertropical convergence zone, Niño index, and equatorial Pacific
zonal sea surface temperature gradient; Steiger et al., 2018). PHYDA has been applied to study
the causes of past climate variability and hydroclimatic extremes (Baek et al., 2019).
As an important component of PDA, proxy data provide the information concerning
temporal variations for reconstructed variables in the offline PDA methods. The seasonal tree
ring chronologies used in NASPA offer a unique opportunity to reconstruct seasonal
precipitation and associated atmospheric and oceanic conditions through the PDA method. In
this chapter, based on the seasonal tree ring chronologies, an offline PDA approach is applied to
reconstruct seasonal precipitation over NA during the Common Era. Additional proxy data are
used to estimate global 500 hPa geopotential height and global Sea Surface Temperature fields
(SST). Our reconstructions provide deeper insight into the seasonal, spatial, and temporal
variations of droughts and pluvials in the past, as well as their causal mechanisms over NA.

2. METHODS
The offline data assimilation (DA) method outlined in Tardif et al., (2019) is employed in
this study. Contrasting to online DA, which requires running climate models to dynamically
forecast the evolution of climate states (e.g. Crespin et al., 2009; Goosse et al., 2006, 2010;
Annan and Hargreaves, 2012), the offline methods consider individual moments independently,
directly using the existing model simulations to reconstruct data at any given time, so the offline
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approaches are more effective from a computational cost perspective. Therefore, the offline PDA
is applied in this study. Below we will discuss four aspects of PDA subsequently: data
assimilation method, proxy data, prior data, and proxy system models (PSMs).
2.1 Data assimilation method
The general updated equation of PDA can be written as (Tardif et al., 2019):
𝐱𝐱𝑎𝑎 = 𝐱𝐱 𝑏𝑏 + 𝐊𝐊[𝐲𝐲 − 𝐲𝐲𝑒𝑒 ]

(1)

where 𝐱𝐱𝑏𝑏 is the prior (or “background”) state vector and 𝐱𝐱 𝑎𝑎 is the posterior (or “analysis”) state

vector. Note that 𝐱𝐱𝑎𝑎 and 𝐱𝐱𝑏𝑏 at time t are completely independent of 𝐱𝐱 𝑎𝑎 and 𝐱𝐱 𝑏𝑏 at time t − 1 and
t + 1 since offline DA approach is used. These state vectors contain climate variables to be

reconstructed. In this study, they contain gridded precipitation, sea surface temperature, and 500
hPa geopotential height. Vector 𝐲𝐲 and 𝐲𝐲𝑒𝑒 are the proxy data and estimated vector by the prior 𝐱𝐱 𝑏𝑏

via ℋ(𝐱𝐱𝑏𝑏 ), respectively:

𝐲𝐲𝑒𝑒 = ℋ(𝐱𝐱 𝑏𝑏 )

(2)

where ℋ is the PSM mapping the prior 𝐱𝐱 𝑏𝑏 to the proxy space. The new information from proxies
not already contained in the prior, 𝐲𝐲 − 𝐲𝐲𝑒𝑒 , is weighted against the prior 𝐱𝐱 𝑏𝑏 by the Kalman gain

matrix (𝐊𝐊):

𝐊𝐊 = 𝐁𝐁𝐇𝐇T [𝐇𝐇𝐁𝐁𝐁𝐁T + 𝐑𝐑]−1

(3)

where 𝐁𝐁 is the covariance matrix for the prior data, R is the error covariance matrix for the proxy
data (a diagonal matrix, and the diagonal values represent the error variance for each proxy), and
H denotes a linearization of ℋ about the mean value of prior.

The ensemble square-root filter (EnSRF) approach is used to solve the equation 1

(Whitaker & Hamill, 2002). The ensemble-mean 𝐱𝐱� 𝑎𝑎 and perturbations about the ensemble
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mean 𝐱𝐱𝑎𝑎′ are solved separately. For more mathematical details of the data assimilation
methodology and the precise calculation procedure, see Tardif et al. (2019).

In this study, covariance localization is used to control sampling error in the prior
covariance. The approximately Gaussian fifth-order piecewise continuous polynomial function
from Gaspari and Cohn (GC function; Gaspari & Cohn, 1999) with a 7000 km cut-off radius is
applied for the reconstruction of seasonal precipitation. A 7000 km localization radius is chosen
according to the sensitivity analysis based on the pseudoproxy experiments (see Section 5.2).
Since the distribution of proxies for global 500 hPa geopotential height and SST reconstruction is
relatively sparse compared to seasonal tree rings in North America, a larger localization radius is
needed to use the proxy information in a larger area. Therefore, the 25000 km localization radius
is applied for the reconstruction of global SST and 500 hPa geopotential height based on the
previous LMR studies (Tardif et al., 2019).
2.2 Proxy data
In this study, the seasonal tree ring chronologies from Stahle et al. (2020) are used to
reconstruct seasonal precipitation. These discrete seasonal tree rings are pre-screened and
sensitive only to warm season (May-June) or cool season (December-April) precipitation. It
contains 439 cool season tree rings and 547 warm season tree rings in North America. The
spatial distribution and total number of seasonal tree rings are shown in Figure 1. It can be
noticed that the spatial distribution of warm season tree rings is more homogeneous than the cool
season tree rings, which are mainly concentrated in the Western US. The length of tree rings
varies by regions, and the longer ones are distributed in the Rocky Mountain and the East Coast
(Fig. 1a, b). The total number of available seasonal tree ring chronologies increases with time
(Fig. 1c, d). There are less than 150 chronologies for the warm season and less than 100 for the
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cool season before 1400 AD. The number of tree ring records increases dramatically after
1400AD, reaches the peak around 1850 AD, and then decreases in the last decade. Although
there are other types of proxies around NA, their addition doesn’t improve the performance of
PDA on seasonal precipitation (see Section 5.3).
An important advantage of PDA is to enable dynamically consistent reconstructions of
multivariate states from proxy records, so in addition to seasonal precipitation, seasonal global
SST and 500 hPa geopotential height are also reconstructed to provide the large scale forcings
behind the precipitation variations. Since 500 hPa geopotential height and SST are reconstructed
on a global scale, besides seasonal tree rings, the LMR proxy dataset used in Tardif et al. (2019)
is added to improve the performance, but tree rings over NA are removed from LMR proxy
dataset to avoid duplication. The proxies that used for assimilation contain 547 warm season and
439 cool season tree ring chronologies, 736 tree ring records from other continents, 23 coral
records over Tropics, 37 ice core records over Greenland and eastern Canadian Arctic, 26 ice
core records over West Antarctica and Drönning Maud Land, 6 ice core records in the Peruvian
Andes and Tibetan Plateau, and 2 higher latitude lake core records (Fig. 2 and Table 1). The
proxy records with at least 25 years (non-contiguous) overlap with calibration data (see Section
2.4) are used in PDA. The detailed information about the proxy dataset is summarized in Table 1.
2.3 Prior data
In this study, the prior states are derived from monthly Community Climate System
Model version 4 (CCSM4) last millennium simulation (Landrum et al., 2013), including monthly
sea surface temperature, precipitation, and 500 hPa geopotential height. The spatial resolution of
CCSM4 is 1.25 degree in latitude by 0.9 degree in longitude, which is higher than other CMIP5
models. The sampled states are anomalies from the temporal mean taken over the entire length of
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the simulation. As in Tardif et al. (2019), the offline DA method with the same priors for all
years of the reconstruction is applied. Therefore, the temporal variations in reconstructed fields
are determined by the information provided by the proxies.
All reconstruction experiments are composed of 20 Monte Carlo assimilation realizations,
each using a different set of randomly chosen 200-member ensemble drawn from the CCSM4
simulation. The 200-member ensemble is chosen based on the sensitivity analysis (see Section
5.1). Averaging over ensembles from Monte Carlo realizations leads to more accurate results
(Tardif et al. 2019). In the following, climate reconstructions are taken as the average over the
200-member DA ensembles and 20 Monte Carlo realizations (i.e., a 4000-member ensemble).
2.4 Proxy system models
Proxy system models (PSMs), which map the climate variables (e.g. temperature,
precipitation) to the assimilated proxies (e.g. tree ring width), are a critical component of PDA.
The PSMs ideally can represent complex processes associated with proxy value, including
physical, biological, and chemical processes (Evans et al., 2013). Although the process-based
PSMs are more sophisticated, previous studies have shown that they don’t improve the
reconstruction performance (e.g. Steiger et al., 2017). Therefore, we employ the statistical PSMs,
which are easier to implement and have a well-defined observation error for each assimilated
proxy. Statistical PSMs also have distinct drawbacks. For example, the accuracy of the models
depends heavily on the calibration datasets.
According to the individual features in each type of proxy, we apply the bivariate
regression-based PSMs considering both temperature and precipitation for tree ring width proxy
data, including seasonal tree ring chronologies. Univariate statistical PSMs, which only consider
temperature, are applied for other proxies, the same as in Tardif et al. (2019). The univariate and
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bivariate regression-based PSMs for the single 𝑘𝑘 𝑡𝑡ℎ proxy are defined using the following
equations:

𝑦𝑦𝑘𝑘 = 𝛽𝛽0,𝑘𝑘 + 𝛽𝛽1,𝑘𝑘 ����
𝑋𝑋1 ′ + 𝜖𝜖𝑘𝑘

𝑦𝑦𝑘𝑘 = 𝛽𝛽0,𝑘𝑘 + 𝛽𝛽1,𝑘𝑘 ����
𝑋𝑋1 ′ + 𝛽𝛽2,𝑘𝑘 ����
𝑋𝑋2 ′ + 𝜖𝜖𝑘𝑘

(4)
(5)

where 𝑦𝑦𝑘𝑘 is the observations from the 𝑘𝑘 𝑡𝑡ℎ proxy time series during the overlapping period

between the 𝑘𝑘 𝑡𝑡ℎ proxy and the calibration instrumental-era datasets, 𝑋𝑋1′ , 𝑋𝑋2 ′ are anomalies of key
climate variables (e.g. near-surface air temperature and precipitation) from calibration

instrumental-era datasets taken at the grid point nearest the proxy location during the overlapping
period between the 𝑘𝑘 𝑡𝑡ℎ proxy and the calibration instrumental-era datasets. 𝛽𝛽0,𝑘𝑘 is the intercept

and 𝛽𝛽1,𝑘𝑘 , 𝛽𝛽2,𝑘𝑘 are the slopes with respect to the 𝑋𝑋1′ and 𝑋𝑋2 ′, and the overbar denotes the time
averages over appropriate period same as the proxy time series. 𝜖𝜖 is the Gaussian random

variable with zero mean and variances 𝜎𝜎 2 . The appropriate least-squares solution determines

regression parameters (𝛽𝛽0,𝑘𝑘 , 𝛽𝛽1,𝑘𝑘 , 𝛽𝛽2,𝑘𝑘 ). Based on the PSMs, each proxy record gets its own

intercept and slope. The calibration datasets used in this study are NASA Goddard Institute for
Space Studies Surface Temperature Analysis (GISTEMP) and Global Precipitation Climatology
Centre (GPCC). In addition to GISTEMP and GPCC, other datasets are employed to valid the

results. The details of all the reanalysis datasets used in this study are summarized in Table 2.
The experimental settings are listed in Table 3.
The seasonality information about proxies is determined by the same method in Tardif et
al. (2019). Expert information on the proxy seasonality included in the PAGES2k-2017 metadata
are used for PAGES2k proxies. However, the seasonal information for proxies in Anderson et
al., (2019) is not precise for all proxies, especially for tree ring chronologies applying simple
latitudinal dependent seasonal information. Therefore, the seasonal information for tree ring
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chronologies in Anderson et al., (2019) is obtained by calibrating tree ring width forward models
described in Tardif et al., (2019). In this approach, a regression over each possible seasonal
period is applied, including the available seasonal information in the proxy metadata, the
calendar year, boreal summer (JJA), boreal winter (DJF), and extended Spring and Fall growing
seasons (MAMJJA, JJASON for NH trees, SONDJF, DJFMAM for SH trees) to identify the
linear relationship providing the best fit to proxy values.
3. VALIDATION THROUGH OBSERVATION DATASETS
3.1 Seasonal precipitation
In this chapter, the Seasonal Moisture reconstruction in North America (NASM) is
developed based on seasonal tree ring chronologies through PDA. NASM and NASPA are based
on the same proxy dataset by different methods. NASM is a PDA-based reconstruction, while
NASPA is a proxy-based reconstruction. To compare the reconstruction skill of NASM and
NASPA, the correlation coefficient (Cor) and coefficient of efficiency (CE) for NASM and
NASPA against reanalysis datasets during 1901-1927 are exhibited (Fig. 3-6). The Student's ttest is used to assess the statistical significance of correlation, and the Benjamini-Hochberg
procedure is used to guarantee a false discovery rate of less than 5% (Benjamini & Hochberg,
1995). The period 1901-1927 is chosen since NASPA is calibrated between 1928 and 1978. The
results for different verification datasets are similar, revealing the broad agreement between the
datasets. For the NASM warm season precipitation, Cor is greater than 0.4 over most parts of
NA except south Mexico, Cuba, and South Quebec (Fig. 3a, d, g). CE is positive in the Great
Plains, the Gulf Coastal Plain, and the Atlantic Coastal Plain, while negative CE values can be
found in the Western US, Mexico, and the areas around the Great Lakes (Fig. 4a, d, g). The
negative CE in the Great Lakes and Mexico are related to fewer tree rings chronologies available
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from those regions. The differences in Cor and CE between NASM and NASPA suggest that
compared to NASPA, the skill can be improved in NASM over NA except in the Western US
and South Quebec (Fig. 3c, f, i and Fig. 4c, f, i). For cool season precipitation, both NASPA and
NASM generally have lower reconstruction skill than the warm season precipitation due to fewer
proxies (Fig. 5-6). In the northern part of Great Plains, the NASM is negatively correlated with
the observed data, and negative CE values are found in the Western US and Mexico (Fig. 5a, d, g
and Fig. 6a, d, g).
Compared with NASPA, NASM did a better job than NASPA in the areas around the
Great Lakes with few proxies because PDA method can use covariance matrix to cooperate
climate information in surrounding areas, while the reconstruction skill of NASPA is higher over
the Western US. The poor performance of NASM in the Western US for both warm and cool
season precipitation is related to high variability of local rainfall and poor simulation skill of
climate models. Over the Western US, the spatial variations in seasonal precipitation are
obviously greater than that of other regions because of complex topography, so it is more
difficult to simulate the climate over the Western US, and the bias of CCSM4 simulations leads
to poor performance of PDA in this region. The point-by-point regression method used in
NASPA, on the other hand, doesn’t consider the spatial covariance, resulting in relatively high
skills compared with NASM. Additionally, the poor performance of PDA in the Western US
may also be related to the limited observations before 1940.
Another measure of fidelity in the spatial skill is the spatial anomaly correlation for each
year (Fig. 7). The spatial correlation is the Pearson product-moment coefficient of linear
correlation between two variables that are respectively the values of the same variables at
corresponding locations on two different maps. We only show the results of GPCC data because
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different verification datasets produce similar results. The spatial anomaly correlation of NASM
seasonal precipitation is greater than zero in most years during 1901-2000. The histograms of
these spatial anomaly correlation time series reveal mean values around 0.3 for warm season
precipitation and 0.4 for cool season precipitation (Fig. 7b, d). The spatial anomaly correlation of
cool season precipitation is higher than that of warm season precipitation, which can be related to
the fact that the variations of cool season precipitation are mainly controlled by large scale
atmospheric circulation, while the variations of warm season precipitation are mainly dominated
by local or regional convection processes. These results suggest that NASM can effectively
capture large-scale seasonal rainfall variability in most areas of NA during the twentieth century.
The reconstruction skill varies widely over regions due to available proxies and climate
variability, so the correlation coefficient and CE of NASM in the Western US (30°–55°N, 130°–
100°W), Southeastern US (25°–40°N, 100°–70°W), and Northeast NA (40°–55°N, 100°–70°W),
are investigated respectively. The results show the NASM warm season precipitation agrees well
with other reanalysis products during the instrumental period (Fig. 8), and the correlation
coefficient for all regions are significant at 0.01 level, especially in the Western and Southeastern
US, where the correlation coefficient is greater than 0.75 and CE ranges 0.4–0.55 (Table 4).
Slightly lower Cor and CE are found over NA (0.58–0.60 for Cor; 0.32–0.34 for CE) and
Northeast NA (0.58–0.60 for Cor; 0.32–0.34 for CE). For the cool season precipitation, although
the correlation coefficient of average precipitation in the Western US is around 0.65 (Table 5),
CE is negative because the variance of NASM is greater than the reanalysis data before 1940
(Fig. 8d). The skill in the Southeastern US and NA is similar, with a correlation coefficient of
~0.55 and CE of ~0.22. In the Northeast region, the Cor and CE are slightly lower because of the
small number of proxies are available in this region.
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The uncertainty of NASM precipitation can be quantified by the normalized standard
deviation, which is defined as the standard deviation among 200 ensemble members divided by
the climatology of CCSM4 last millennium simulation. For both NASM warm season and cool
season precipitation, the normalized standard deviation is smaller than 0.3 over most areas in
Medieval Climate Anomaly (MCA, 950-1250), Little Ice Age (LIA, 1450-1800), and Present
Day (PD, 1851-2000), especially in LIA and PD (Fig. 9-10). For warm season precipitation, the
larger values of normalized standard deviation can be found in the south California and east
Mexico (Fig. 9). The large uncertainty in the southern California is mainly because the warm
season is the dry season when there is little or no precipitation. For eastern Mexico the large
normalized standard deviation values are related to relatively larger standard deviation For cool
season precipitation, there is less uncertainty over the western US, where most tree ring
chronologies are located (Fig. 10). For the temporal variations of the uncertainty, we can notice
that the uncertainty decreased in NA and all three subregions before 1970 and increased after
1970 (Fig. 9d and Fig. 10d), which is closely related to the temporal variation of available
seasonal tree rings.
3.2 SST and 500 hPa geopotential height
In additional to seasonal precipitation, the verification of NASM 500 hPa geopotential
height and SST are shown in Figures 11-12. The spatial verification of warm and cool season
reveals similar skill distribution. For SST, the regions of low skill are over the southern Pacific
and Arctic Ocean, and moderate skill is over the tropical Pacific Ocean, tropical Indian Ocean,
and the coastal ocean around Australia (Fig. 11). The skill of warm season SST is slightly higher
than that of cool season SST, which may be caused by the seasonality of proxies. These results
show that, on average, there is skill in NASM of SST, especially for the most important oceanic
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drivers, ENSO. The verification of 500 hPa geopotential height shows high skill over the tropical
zone, as well as over Europe for warm season and NA and Greenland for cool season (Fig. 12).
The greater skill of 500 hPa geopotential height in the tropics is likely related to a mostly
hydrostatic response over a deep layer due to the actively mixed moist convection (Hakim et al.,
2016).

4. VALIDATION THROUGH PSEUDOPROXY EXPERIMENTS
The reconstruction skill in the 20th century of NASM seasonal precipitation has been
established by cross-validation with observations and reanalysis data in the previous section, but
the results in the 20th century cannot represent the PDA performance in the past, as the number
and coverage of proxies change over time. Therefore, pseudoproxy experiments (PPEs) are
introduced as an objective approach to examine the skill of PDA beyond the instrumental era.
PPEs use a simulated model climate as a test bed to evaluate the performance of a given
reconstruction method through controlled and systematic experiments (Smerdon, 2012). In this
study, the perfect pseudoproxy experiments, in which prior and truth vectors are selected from
the same model, are conducted to estimate the upper bound of the reconstruction skill. PPE
usually involves four steps: First, the model simulations are mapped into the sites of proxy
records by taking the precipitation data at the grid point nearest to the proxy locations. Second,
the pseudoproxies are built by adding the white noise to the modeled precipitation with a signalto-noise ratio (SNR) of 0.5 to simulate the noise present in real-world proxies. The SNR values
of 0.5 is considered to be consistent with real proxy noise levels (Smerdon, 2012). Third, PDA
algorithms are applied to the pseudoproxies in order to reconstruct seasonal precipitation. Finally,
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the derived seasonal precipitation using pseudoproxy is compared to the known modeled climate
to evaluate the skill and uncertainty.
4.1 PPE results over NA
In order to assess the sensitivity of results to different models, we test three other CMIP5
models in addition to CCSM4: the NASA Goddard Institute for Space Studies E2-R Model
(GISS-E2-R; Schmidt et al., 2014), the third version of the Hadley Centre coupled model
(HadCM3; Gordon et al., 2000), and the Meteorological Research Institute Coupled Global
Climate Model Version Three (MRI-CGCM3; Yukimoto et al., 2012). Based on the sensitivity
analysis, 20 Monte Carlo iterations are conducted with localization radius of 7000km, each using
a different set of randomly chosen 200-member ensemble (see Section 5). To eliminate the
influence of different spatial resolutions on reconstruction skill, GISS-E2-R, HadCM3, and MRICGCM3 simulations are interpolated into the grid of CCSM4. The skill is evaluated by the Cor
and CE between the reconstructed seasonal precipitation based on pseudoproxies and original
seasonal precipitation derived from models. As the total amount of proxies varies over time, four
typical periods, 1-1000 AD, Medieval Climate Anomaly (MCA, 950-1250), Little Ice Age (LIA,
1450-1800), and Present Day (PD, 1851-2000) are analyzed, respectively. The results of four
different models are very similar (Fig. 13-16), indicating that PDA performance is not sensitive
to the selection of model priors. During 1-1000 AD, there are fewer than 50 tree ring
chronologies and most of them are located in the Western US, so Cor and CE in the Western US
are higher than that in other regions for both warm season and cool season precipitation. During
the MCA, the increasing number of proxies resulted in an improvement in skill compared to that
in 1-1000 AD. Besides the Western US, the high Cor and CE are also found over the East
Coastal regions. The number of proxies reached 400 for cool season and 500 for warm season
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during the LIA, and the reconstruction skill is also higher than before. Because the warm season
tree rings are more spatial homogeneous, the reconstruction skill is more uniformly distributed.
For the cool season, Cor and CE in the Great Lakes are low due to lack of proxies. During the
PD, since the number and spatial distribution of proxy are similar to LIA, the reconstruction skill
is close to that during LIA. The spatial distribution of reconstruction uncertainty estimated by the
normalized standard deviations based on CCSM4 is shown in Figures 17-18. The results
resemble to those of NASM (Fig. 9-10), again suggested that the PPE is able to evaluate the skill
of PDA.
To examine the temporal variations of reconstruction skill, the averaged Cor and CE over
NA are computed by varying the beginning and ending year, following the approach outlined by
McCabe et al. (2015) and McCabe & Wolock (2002). The Cor and CE are computed for all
possible periods of at least 100 years in length during the last 2000 years, and then plotted
against the beginning and ending years of each period analyzed (Fig. 19-20). It is obvious that
the reconstruction skill is increasing with time. For warm season precipitation, the correlation
coefficient is greater than 0.3 and CE is greater than 0.1 since 1000 AD. After 1500 AD, the
correlation is greater than 0.4 and CE is greater than 0.15 (Fig. 19). The temporal variation of the
averaged original and reconstructed warm precipitation over NA also suggested that the
reconstruction strongly underestimated the variation of warm season precipitation before 1000
AD due to the lack of proxies, while after 1000 AD, the reconstruction is more consistent with
the true value, especially after 1500 AD (Fig. 20). For cool season precipitation, although the
total number of proxies is less than that of the warm season, the reconstruction skill is higher
than that of warm season because the cool season precipitation is mainly dominated by largescale atmospheric circulation. The Cor is greater than 0.4 after 1000 AD and greater than 0.45
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after 1500 AD, and CE reached 0.15 around 1000 AD and was greater than 0.2 after 1500 AD
(Fig. 20). Changes in reconstruction skill also can be noticed from the temporal variations of
averaged original and reconstructed cool season precipitation (Fig. 21). It can be found that the
spatial anomaly correlation increases over time, and the spatial anomaly correlation of cool
season precipitation is higher than that of warm season precipitation (Fig. 22), which is
consistent with the validation results during the 20th century. These results clearly illustrate the
impacts of the number and spatial distribution of proxies on reconstruction skill, suggesting that
the quality of NASM should be evaluated at different periods and in different regions.
4.2 PPE results over subregions
The similar PPE analysis applied to NA is conducted in three subregions: the Western US,
the Southeastern US, and the Northeast NA. The skill in the Western US is higher than elsewhere
because of the abundant number and longer proxy records (Fig. 1). For the warm season
precipitation, the Cor is greater than 0.3 after 400 AD and 0.35 after 800 AD, and CE is greater
than 0.1 after 500 AD and 0.2 after 1300 AD (Fig. 23). The reconstructed warm season
precipitation can well capture the temporal variation and the spatial pattern of the original
precipitation as early as 800 AD. At this point, the reconstructed precipitation is consistent with
the original precipitation, and the spatial anomaly correlation is greater than 0.4 (Fig. 25-26). In
terms of cool season precipitation, the Cor is greater than 0.3 and CE is greater than 0.1 for the
Common Eras, which is higher than the warm season precipitation (Fig. 24). The reconstructed
cool season precipitation can well capture the temporal variations and spatial distribution of the
original precipitation as early as 500 AD in this region (Fig. 25 and 27).
In the Southeastern US, the skill is slightly lower than that in the Western US. The Cor is
greater than 0.35 after 900 AD for warm season precipitation and after 1000 AD for cool season
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precipitation. After 1500AD, the Cor can reach 0.5 for both warm and cool season precipitation.
The CE is greater than 0.1 after 900 AD for warm season precipitation and after 1000 AD for
cool season precipitation (Fig. 23 and Fig. 24). Based on the above results, combined with the
analysis of the temporal variation and spatial anomaly correlation (Fig. 25-27), the reconstructed
warm (cool) season precipitation in the Southeastern US is fairly consistent with the original
precipitation after 900 (1000) AD.
Among the three subregions, the worst skill is found in the Northeast NA due to lack of
proxies. For warm season precipitation, the Cor is greater than 0.35 after 1500 AD, and CE is
greater than 0.1 after 1600 AD (Fig. 23). The spatial anomaly correlation is consistently around
0.3, and the year-to-year variability is notably underestimated before 1400 AD (Fig. 24-25),
suggesting that the analysis doesn’t have significant improvement upon the prior. After 1400 AD,
the skill gradually increase and the analysis can well capture the temporal and spatial
characteristics of true values after 1600 AD. For cool season precipitation, the Cor is greater than
0.35 and CE is greater than 0.1 after 1600 AD (Fig. 24). The spatial anomaly correlation is low
before 1600 AD. After 1600 AD, the involvement of more proxies improves the skill of PDA,
and the spatial anomaly correlation can be as high as 0.4 (Fig. 25). The above results suggested
that reconstructed cool season precipitation in Northeast NA, in general, has a relatively better
quality after 1600 AD.

5. SENSITIVITY ANALYSIS
5.1 How many prior states yield the best skill?
There were 100 ensemble members have been tested and used for the previous LMR
temperature reconstruction (Hakim et al., 2016; Tardif et al., 2019). The optimal ensemble
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number for seasonal moisture reconstruction over NA may be different from temperature
reconstruction since it is depended on the research objectives (Franke et al., 2011; Goodwin et al.,
2014). The optimal ensemble number for the best estimation skill of seasonal precipitation over
NA is determined by testing different prior ensembles through PPE. The 5, 10, 20, 50, 100, 200,
300, and 500 ensembles are derived from CCSM4, GISS-E2-R, HadCM3, and MRI-CGCM3 as
the priors. 7000 km localization radius is applied based on the Section 5.2, and 20 Monte Carlo
realizations are carried out. Figure 28 shows the difference of areal averaged Cor and CE over
NA between different number of prior ensembles. We can see that PPEs of different models
exhibit similar results. The skill of PDA is the worst when only 5 prior states are applied. As the
ensemble number of prior states increase, the skill is notably improved. After 200 prior
ensembles the improvement of skill leveled off when more priors are added. These results
indicated that 200 ensembles should be adequate to reconstruct seasonal precipitation over NA.
5.2 What is the appropriate localization radius for seasonal precipitation reconstruction over
NA?
In addition to the number of prior ensembles, the sensitivity of reconstruction skill to
localization radius is also tested by PPE. The Gaspari-Cohn fifth-order polynomial with a
specified cut-off radius (Gaspari & Cohn, 1999) is used for the localization function. A skillful
global PDA temperature reconstruction is obtained with 25000km covariance localization
configuration (Tardif et al., 2019). Since the spatial covariance of moisture is typically weaker
than temperature, a smaller localization for seasonal moisture reconstruction radius may be
required. Therefore, a series of pseudoproxy experiments with localization radius of 3000, 5000,
7000, 9000, 15000, 20000, and 25000 km are examined. As in the previous experiments, 20
Monte Carlo realizations are carried out with 200 ensemble members based on Section 5.1. For
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warm season precipitation, the Cor and CE increased with the increase of localization radius
before 7000 km, and then the Cor leveled off and CE slightly decreased. For cool season
precipitation, the skill of 7000 km localization radius is similar to that of 5000km (Fig. 29). The
same localization radius for both warm and cool season precipitation reconstruction is conducive
to fairly compare the seasonal difference of moisture variations, so the 7000 km localization
radius is adopted for both warm and cool season precipitation. These results suggest that the
most skillful seasonal moisture reconstructions can be obtained with 7000 km covariance
localization configuration.
5.3 Will adding other proxies to seasonal tree rings improve the reconstruction skill of
seasonal precipitation?
The seasonal tree ring chronologies are used to reconstruct seasonal precipitation over
NA. There are other types of proxies in and near NA in addition to seasonal tree rings, such as
ice cores, lake sediments, and corals. Does including other proxies provide better reconstruction
skill? To address this question, five different proxy datasets (i.e. seasonal tree rings, seasonal tree
ring and corals in LMR proxy dataset, seasonal tree ring and ice cores in LMR proxy dataset,
seasonal tree ring and lake sediments in LMR proxy dataset, and seasonal tree rings and LMR
proxy dataset except the tree rings over NA) are used to test the reconstruction skill. Since the
SNR of all proxies in PPE is constant, the differences in uncertainties between different types of
proxies cannot be explained. Therefore, the CE and Cor of real PDA reconstruction during the
instrumental era are used to demonstrate the reconstruction skill of different proxy datasets (Fig.
30-31). The results indicate that, compared to the reconstruction based on seasonal tree rings,
adding other proxies doesn’t improve the reconstruction skill of seasonal precipitation. This
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result may be caused by the short localization radius (i.e. proxies farther away from NA have
little impacts), dating errors in proxies, and complex climate signals recorded in proxies.

6. CONCLUSIONS
Based on the seasonal tree rings and LMR proxy dataset, a new PDA-based gridded
Seasonal Moisture reconstruction over North America (NASM) during the Common Eras is
developed. Two other related global atmospheric and oceanic variables, SST and 500 hPa
geopotential height, are also reconstructed for further analysis. The quality and fidelity of the
reconstructed seasonal precipitation have been extensively verified by instrumental data. The
results suggested skillful warm season precipitation reconstruction in the Great Plains, Gulf
Coastal Plain, and Atlantic Coastal Plain. Poor PDA performance is found in the Western US
and Mexico during the cool season. The relatively poor quality of NASM precipitation over the
Western US is likely linked to high variability of local rainfall and poor simulation skill of
climate models. The NASM seasonal precipitation is compared with NASPA, a reconstruction
based on the same proxies of NASM using point-by-point regression method, and the results
indicate that NASM has improvement over NASPA in most areas of North America except the
Western US, especially for the warm season. The skillful global SST and 500 hPa geopotential
height reconstructions are found in the tropical regions.
In addition to the verifications using instrumental data, PPEs are adopted to evaluate the
upper bound of skill for the pre-instrumental period. PPE results for different climate model
simulations indicated that the PDA performance is not sensitive to the models the priors, but are
highly related to the number and spatial distribution of proxies. In terms of the temporal scale, as
the number of proxies increases over time, so does the skill of reconstruction. For the spatial
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scale, due to the spatial distribution of proxies, the reconstruction skill is highest in the Western
US, followed by the Southeastern US and finally the Northeast NA. The PPE results are
consistent with the real PDA reconstruction except in the Western US, where PPE suggest the
highest skill, while the real PDA reconstruction doesn’t perform well. This may be because the
climate models have difficulty to to simulate the precipitation variation in the Western US due to
the complex topography and high variability of local rainfall, and the perfect PPE cannot capture
the bias in the climate models themselves.
In this study, we developed the first PDA-based seasonal moisture reconstruction based
on seasonal tree rings and validated it through instrumental data and PPE. The corresponding
global SST and 500 hPa geopotential height were also reconstructed and preliminarily evaluated.
These datasets enables us to analyze the seasonal, spatial, and temporal variations of major
drought and pluvial events as well as their causal mechanisms, and will be detailed in the next
chapter.
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Fig. 1 The location of seasonal tree ring chronologies for the (a) warm season (MJJ) and (b) cool
season (DJFMA). Symbol color indicates the length of each tree ring chronology. The total
number of seasonal tree ring chronologies each year for the (c) warm season and (d) cool season.
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Fig. 2 The location (a, b) and total number of proxies (c,d) for reconstructing the worldwide
seasonal SST and 500 hPa geopotential height.
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Fig. 3 The correlation of warm season precipitation between NASM and GPCC (a), CRU (d),
and WM (g) during 1901-1927. The correlation of NASPA is also shown in (b, e, i). Differences
in correlations between NASM and NASPA are shown in (d, f, g). Regions hatched indicate the
correlations are statistically significant at 5% level based on Student's t‐test and BenjaminiHochberg control procedure (false discovery rate < 5%).
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Fig. 4 The CE of warm season precipitation between NASM and GPCC (a), CRU (d), and WM
(g) during 1901-1927. The CE of NASPA is also shown in (b, e, i). Differences in CE between
NASM and NASPA are shown in (d, f, g).
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Fig. 5 The correlation of cool season precipitation between NASM and GPCC (a), CRU (d), and
WM (g) during 1901-1927. The correlation of NASPA is also shown in (b, e, i). Differences in
correlations between NASM and NASPA are shown in (d, f, g). Regions hatched indicate the
correlations are statistically significant at 5% level based on Student's t‐test and BenjaminiHochberg control procedure (false discovery rate < 5%).

43

Fig. 6 The CE of cool season precipitation between NASM and GPCC (a), CRU (d), and WM (g)
during 1901-1927. The CE of NASPA is also shown in (b, e, i). Differences in CE between
NASM and NASPA are shown in (d, f, g).
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Fig. 7 Time series of spatial anomaly correlation between GPCC and NASM warm season
precipitation (a) and cool season precipitation (c). The statistical histograms of these values are
shown in (b) and (d).
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Fig. 8 Comparison of NASM averaged seasonal precipitation with WM, CRU, and GPCC over
NA (a, b), Western US (c, d), Southeastern US (e, f), and Northeast NA (g, h) during 1901-2000.
The red, blue, black, and purple lines represent the regional averaged precipitation for NASM,
GPCC, CRU and WM, respectively. The pink shading shows regional averaged standard
deviation of the seasonal precipitation.
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Fig. 9 The spatial distribution of normalized standard deviation for NASM warm season
precipitation during MCA (a), LIA (b), and PD (c). The temporal variation of the averaged
normalized standard deviation over different regions is shown in (d).
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Fig. 10 The spatial distribution of normalized standard deviation for NASM cool season
precipitation during MCA (a), LIA (b), and PD (c). The temporal variation of the averaged
normalized standard deviation over different regions is shown in (d).
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Fig. 11 The Cor and CE of NASM warm season SST against HadISST (a, b) and 500 hPa
geopotential height against 20CR-V3 during 1901-2000 (c, d). Regions hatched indicate the
correlations are statistically significant at 5% level based on Student's t‐test and BenjaminiHochberg control procedure (false discovery rate < 5%).
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Fig. 12 The Cor and CE of NASM cool season SST against HadISST (a, b) and 500 hPa
geopotential height against 20CR-V3 (c, d). Regions hatched indicate the correlations are
statistically significant at 5% level based on Student's t‐test and Benjamini-Hochberg control
procedure (false discovery rate < 5%).
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Fig. 13 The correlation between reconstructed warm season precipitation and original warm
season precipitation for PPE during 1-1000 (a-d), MCA (e-h), LIA (i-l), and PD (m-p) over NA.
The black dots indicate the available proxies during that period.
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Fig. 14 The CE between reconstructed warm season precipitation and original warm season
precipitation for PPE during 1-1000 (a-d), MCA (e-h), LIA (i-l), and PD (m-p) over NA. The
black dots indicate the available proxies during that period.
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Fig. 15 The correlation between reconstructed cool season precipitation and original cool season
precipitation for PPE during 1-1000 (a-d), MCA (e-h), LIA (i-l), and PD (m-p) over NA. The
black dots indicate the available proxies during that period.
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Fig. 16 The CE between reconstructed cool season precipitation and original cool season
precipitation for PPE during 1-1000 (a-d), MCA (e-h), LIA (i-l), and PD (m-p) over NA. The
black dots indicate the locations of available proxies during that period.
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Fig. 17 The spatial distribution of normalized standard deviation for warm season precipitation
during MCA (a), LIA (b), and PD (c) for PPE. The temporal variation of the averaged
normalized standard deviation over different regions is shown in (d).
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Fig. 18 The spatial distribution of normalized standard deviation for warm season precipitation
during MCA (a), LIA (b), and PD (c) for PPE. The temporal variation of the averaged
normalized standard deviation over different regions is shown in (d).
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Fig. 19 The spatially averaged Cor (a-d) and CE (e-h) of warm season precipitation for PPE over
NA for various periods at least 100 years in length during 1–2000.

Fig. 20 The averaged correlation (a-d) and CE (e-h) of cool season precipitation for PPE over
NA for various periods at least 100 years in length during 1–2000.
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Fig. 21 The averaged reconstructed and original warm season precipitation (a, c, e, g) and cool
season precipitation (b, d, f, h) over NA for PPE. The red and blue lines represent reconstructed
warm and cool season precipitation, and the pink and cyan lines represent original warm and
cool season precipitation.
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Fig. 22 The spatial anomaly correlation between reconstructed seasonal precipitation and
original seasonal precipitation for PPE. The red and blue lines represent the pattern correlation
for warm season precipitation and cool season precipitation, respectively.
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Fig. 23 The spatially averaged Cor and CE of warm season precipitation for PPE with prior
derived from CCSM4 over the Western US (a, d), the Southeastern US (b, e), and the Northeast
NA (c, f) for various periods at least 100 years in length during 1–2000.
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Fig. 24 The spatially averaged correlation and CE of cool season precipitation for PPE with prior
derived from CCSM4 over the Western US (a, d), the Southeastern US (b, e), and the Northeast
NA (c, f) for various periods at least 100 years in length during 1–2000.
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Fig. 25 The spatial anomaly correlation between reconstructed seasonal precipitation and
original seasonal precipitation for PPE over the Western US (a, b), Southeastern US (c, d), and
the Northeast NA (e, f). The red, blue, purple and black lines represent the pattern correlation for
HadCM3, GISS-E2-R, CCSM4, and MRI-CGCM3, respectively.
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Fig. 26 The averaged reconstructed and original warm season precipitation over Western US (a,
d, g, j), Southeastern US (b, e, h, k), and Northeast NA (c, f, i, l). The red and pink lines
represent the averaged reconstructed and original precipitation, respectively.
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Fig. 27 The averaged reconstructed and original cool season precipitation over the Western US
(a, d, g, j), Southeastern US (b, e, h, k), and Northeast NA (c, f, i, l). The blue and cyan lines
represent the averaged reconstructed and original precipitation, respectively.
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Fig. 28 The difference of averaged Cor (a, c) and CE (b, d) of reconstructed seasonal
precipitation for different prior ensembles over NA. The red, blue, purple, and black lines
represent the pattern correlation for HadCM3, GISS-E2-R, CCSM4, and MRI-CGCM3,
respectively.

Fig. 29 The difference of averaged Cor (a, c) and CE (b, d) of reconstructed seasonal
precipitation with different localization radius over NA. The red, blue, purple, and black lines
represent the pattern correlation for HadCM3, GISS-E2-R, CCSM4, and MRI-CGCM3,
respectively.
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Fig. 30 The correlation and CE between reconstructed warm season precipitation and GPCC for
different proxy datasets during 1901-2000. Regions hatched indicate the correlations are
statistically significant at 5% level based on Student's t‐test and Benjamini-Hochberg control
procedure (false discovery rate < 5%).
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Fig. 31 The correlation and CE between reconstructed cool season precipitation and GPCC for
different proxy datasets during 1901-2000. Regions hatched indicate the correlations are
statistically significant at 5% level based on Student's t‐test and Benjamini-Hochberg control
procedure (false discovery rate < 5%).
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Table 1 Records of proxies
Datasets

LMR
(tree rings over North
America are excluded)

Seasonal tree ring
chronologies
Total

Bivalve

Number
of
records
1

Corals and sclerosponge rates

11

Univariate

Corals and sclerosponge SrCa
Corals and sclerosponge
d18O
Ice core melt feature

30

Univariate

75

Univariate

1

Univariate

Ice cores_d18O

89

Univariate

Ice cores_dD

12

Univariate

Ice cores accumulation

3

Univariate

Lake core misc

2

Univariate

Lake core varve

7

Univariate

Tree ring _widthPages2

257

Bivariable

Tree rings wood density

17

Bivariate

Tree ring _widthBreit

934

Bivariable

Warm/cool seasonal tree rings

547/439

Bivariable

Proxy types

1986/1878
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Proxy System
Model
Univariate

Table 2 The basic information about reanalysis datasets.
Datasets
The gridded precipitation
dataset from the Global
Precipitation Climatology
Centre, version 6
Climatic Research Unit
Time-Series version 4.01 of
high-resolution gridded
precipitation data
Willmott and Matsuura
terrestrial precipitation data
sets, version 5.0.1
NOAA 20th century
reanalysis, version 3
The NASA Goddard
Institute for Space Studies
Surface Temperature
Analysis, version 4
Hadley Centre Sea Ice and
Sea Surface Temperature
data set

Acronym

Variable

Spatial
resolution

Temporal
coverage

Reference

GPCC

Precipitation

1.0*1.0

1901-2010

(Schneider et al.
2014)

CRU

Precipitation

0.5*0.5

1901-2016

(Harris and
Jones, 2017)

WM

Precipitation

0.5*0.5

1900-2017

(Willmott and
Matsuura, 2018)

20CR

500hPa
Geopotential
height

1.0*1.0

1836-2015

(Compo et al.
2011)

GISTEMP

Temperature

2.0*2.0

1880-2017

(Hansen et al.,
2010)

HadISST

SST

1.0*1.0

1870-2019

(Rayner et al.,
2003)

Table 3 The setting of PDA experiments.
Reconstructed
variable

Seasonal precipitation

500 hPa geopotential height/SST

Prior

200 warm/cool season
precipitation ensembles

200 geopotential height/SST ensembles

Proxy

Seasonal tree rings

PSM

Bivariate linear regression

Localization radius
Monte Carlo
iteration

7000 km

Seasonal tree rings + LMR proxies (tree
rings over North America are excluded)
Tree rings (bivariate linear regression)
Others (univariate linear regression)
25000km
20
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Table 4 Verification of regional averaged warm season precipitation during 1901-2000.
Verification data sets are given in row spaces and data sets being verified are given in column
space.
Correlation
NASM GPCC CRU
NASM
1
0.60 0.58
GPCC
0.60
1
0.95
NA
CRU
0.58
0.95
1
WM
0.59
0.97 0.91
NASM
1
0.78 0.79
GPCC
0.77
1
0.99
Western US
CRU
0.79
0.99
1
WM
0.77
0.99 0.99
NASM
1
0.75 0.76
GPCC
0.75
1
0.99
Southeastern US
CRU
0.76
0.99
1
WM
0.75
0.99 0.99
NASM
1
0.55 0.52
GPCC
0.55
1
0.98
Northeast NA
CRU
0.52
0.98
1
WM
0.57
0.98 0.96
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CE
WM NASM GPCC
0.59
1
-2.01
0.97
0.34
1
0.91
0.32
0.90
1
0.34
0.93
0.77
1
0.58
0.99
0.42
1
0.99
0.53
0.97
1
0.42
0.99
0.75
1
-0.37
0.99
0.54
1
0.99
0.55
0.99
1
0.53
0.99
0.57
1
-0.03
0.98
0.20
1
0.96
0.16
0.95
1
0.20
0.96

CRU WM
-2.72 -1.88
0.89 0.93
1
0.83
0.79
1
0.61 0.59
0.96 0.99
1
0.97
0.97
1
-0.3 -0.37
0.99 0.99
1
0.99
0.99
1
-0.14 0.06
0.95 0.97
1
0.93
0.91
1

Table 5 Verification of regional averaged cool season precipitation during 1901-2000.
Verification data sets are given in row spaces and data sets being verified are given in column
space.
Correlation
NASM GPCC CRU
NASM
1
0.55 0.53
GPCC
0.55
1
0.97
NA
CRU
0.53
0.97
1
WM
0.56
0.98 0.96
NASM
1
0.66 0.64
GPCC
0.66
1
0.99
Western US
CRU
0.64
0.99
1
WM
0.65
0.99 0.99
NASM
1
0.56 0.57
GPCC
0.56
1
0.99
Southeastern US
CRU
0.57
0.99
1
WM
0.55
0.99 0.99
NASM
1
0.48 0.48
GPCC
0.48
1
0.96
Northeast NA
CRU
0.48
0.96
1
WM
0.49
0.97 0.97
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CE
WM NASM GPCC
0.56
1
-0.11
0.98
0.22
1
0.96
0.21
0.932
1
0.24
0.96
0.65
1
0.43
0.99 -0.82
1
0.99 -0.52
0.97
1
-0.90
0.98
0.55
1
-0.06
0.99
0.24
1
0.99
0.23
0.99
1
0.21
0.99
0.49
1
-1.93
0.97
0.23
1
0.97
0.23
0.91
1
0.24
0.94

CRU WM
-0.30 -0.13
0.92 0.96
1
0.91
0.90
1
0.41 0.41
0.96 0.98
1
0.96
0.95
1
-0.02 -0.08
0.99 0.99
1
0.99
0.99
1
-1.64 -1.78
0.92 0.95
1
0.93
0.93
1

CHAPTER 3
The oceanic-atmospheric forcing of seasonal droughts and pluvials over North America for
the past millennium
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ABSTRACT
The seasonal precipitation in North America and associated global atmospheric
circulations and sea surface temperature (SST) conditions have been reconstructed on a gridded
base using the paleoclimate data assimilation (PDA) method. The reconstructions provide insight
into the spatiotemporal features and causal factors of seasonal prolonged droughts and pluvials.
The differences of seasonal hydroclimatic extremes in warm and cool season clearly
demonstrated that seasonality is an important component. The El Niño/Southern Oscillation
(ENSO) strongly influences seasonal precipitation variability in NA during the last millennium,
although the influence varies by region, as is apparent in the instrumental observations. North
Pacific SST can also significantly influence cool season precipitation, whereas the North Atlantic
Oscillation (NAO) is important on warm season precipitation totals. These results are consistent
with the oceanic-atmospheric influences on seasonal precipitation in North American based on
instrumental data. The contribution of large-scale forcing of drought and pluvial events were also
examined. Warm season hydroclimatic extremes in the Western US during the past millennium
were mainly affected by ENSO, while NAO plays an important role in the Southeastern US and
Northeast NA. For hydroclimatic extremes in the cool season, the dominant large-scale forcings
appear to vary from event to event.

1. INTRODUCTION
The basic characteristics and physical processes of the interannual and decadal-scale
droughts and pluvials during the instrumental period in North America (NA) have been studied
extensively. The results indicate that seasonality is an important component of variability and
forcing behind dry and wet regimes. For example, during the 1950s drought, the dry conditions
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were more persistent in both winter and summer, while during the 1930s Dust Bowl, the length
of drought over the Central Plains in warm season was longer and more severe than that during
cool season (Schubert et al., 2004). These hydroclimate extremes may have arisen from sea
surface temperature (SST) forcing from the Pacific and Atlantic Ocean, land-atmosphere
interactions, internal atmospheric variability, and from external forcing associated with volcanic
eruptions, solar variability, and human activity (Cook et al., 2016). However, different drought
and pluvial events may have different causes. The 1930s Dust Bowl was likely triggered by
random atmospheric variability (Hoerling et al., 2009), but might have been enhanced by landsurface interactions (Cook et al., 2009). The early 20th century pluvial may have arisen primarily
from internal atmospheric variability (Cook et al., 2011; Hoerling et al., 2014), while the 1950s
drought over the Southern Plains is very likely attributable to remote influences of global SST
because these regions are particularly sensitive to SST variability (Hoerling et al., 2009).
The developments of pre-instrumental hydroclimate extremes are mainly caused by
natural variability since there was no significant anthropogenic forcing in the past. Therefore,
studying the seasonality and causes of paleo-droughts and pluvials can help us better understand
the natural variability of moisture variations, which may either mitigate or aggravate the
associated societal and ecological vulnerability to climate change impacts. However, the
seasonality of dryness and wetness regimes over NA in the past have not been widely
investigated. Stahle et al. (2020) developed the North American Seasonal Precipitation Atlas
(NASPA) based on the seasonal tree ring chronologies with discrete seasonal signals to
investigate the seasonality and causes behind past hydroclimate extreme events. The results
indicated that the intensity, duration, and spatial extent of certain moisture extremes may differ
between warm season and cool season, which is consistent with what we have noticed during the
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instrumental era. Meanwhile, the paleoclimate studies also suggest that characteristics of paleodroughts are different from those of the instrumental era. For example, more megadroughts,
defined as prolonged drought lasting more than two decades, occurred more frequent during the
Medieval Climate Anomaly (Cook et al., 2007; Cook et al., 2004; Meko et al., 2007; Routson et
al., 2011; Woodhouse & Overpeck, 1998; Feng et al., 2008). The physical processes contributed
to the long-duration droughts and pluvials in the past remain unclear.
Investigations of the physical mechanisms behind the past droughts and pluvials mainly
focus on SSTs since they are important causes of persistent moisture variations. However,
reconstructions of SST indices are often poorly resolved spatially and temporally, making
quantitative comparisons with drought and flood reconstructions difficult. In many cases, the
proxy SST records in the past yield conflicting results. For example, during the MCA, some
proxy records suggest cooler SST in the eastern tropical Pacific (Cobb et al., 2003; Conroy et al.,
2009; Mann et al., 2009), while the other proxy records suggest warmer SST and increased El
Niño frequency (Conroy et al., 2009; Moy et al., 2002; Thompson et al., 2013; Yan et al., 2011).
Due to these limitations in the available proxy data, most investigations into causal mechanisms
of the paleo-droughts and paleo-floods relied on experiments using general circulation models
(GCMs). Although some of the forced GCM experiments of the last millennium have simulated
enhanced drought during the MCA over NA (Feng et al., 2008; Landrum et al., 2013; Seager et
al., 2008), none have been able to fully reproduce the time clustering of the megadroughts (Coats
et al., 2015). These discrepancies may be caused by model deficiencies, uncertainties in natural
and anthropogenic forcing, unknown model initial conditions, and potentially by uncertainties in
the proxy reconstructions.
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The PDA-based multivariables reconstructions based on the same proxy dataset have
been widely used to examine the large-scale forcings behind the moisture variations. For
example, LMR reconstruction has been used to investigate the atmospheric dynamics that driven
the interannual U.S. droughts during the last millennium (Erb et al., 2020), and PHYDA has been
used to study the large-scale forcings for decadal–centennial hydroclimate variability over
eastern China (Peng et al. 2021). In this study, we analyzed the PDA assimilated North America
Seasonal Moisture reconstruction (NASM) during the past millennium (see Chapter 2 for detail),
to investigate the spatial and temporal variations of major cool and warm season drought and
pluvial events in NA and their causal mechanisms. The data analyzed include the warm and cool
season precipitation over NA, global SST, and global 500 hPa geopotential height during the
Common Era. North American seasonal precipitation is reconstructed based on the season tree
ring chronologies, and the SST and 500hPa geopotential height reconstructions are based in part
on these North American chronologies and proxies (including tree ring data) from other
continents. However, the links among them are not circular. In the PDA reconstructions, proxy
records provide temporal information and some spatial information, and priors from climate
model simulations are used to propagate information among locations and climate fields.
Consequently, the variations of seasonal precipitation, SST, and 500hPa geopotential height are
not only from the proxies, but are also governed by the model physics.

2. DATA AND METHODS
2.1 North America Seasonal Moisture reconstruction (NASM)
We take advantage of the North America Seasonal Moisture reconstruction (NASM)
developed in Chapter 2 based on the seasonal tree rings through PDA to investigate the seasonal
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moisture variability and the physical mechanism for hydroclimatic extreme events in the past. It
includes warm season (MJJ) and cool season (DJFMA) precipitation over NA, global SST, and
global 500 hPa geopotential height during the Common Era. The spatial resolution of seasonal
precipitation is 1.25° in latitude by 0.9° in longitude, which is the same as CCSM4. For the SST
and 500 hPa geopotential height, the spatial resolution is 2° by 2°. The pseudoproxy experiments
in Chapter 2 indicated that the reconstruction skills vary in time and space due to uneven
distribution of proxy records. The reconstructed warm season precipitation has a relatively better
quality in the Western US since 800 AD, in the Southeastern US since 1000 AD, and in the
Northeast NA since 1600 AD, respectively. For the cool season precipitation, the reconstruction
in the Western US since 500 AD, in the Southeastern US since 800 AD, and in the Northeast NA
since 1600 AD are relatively more consistent with the original precipitation in PPE, respectively.
In the following, we mainly focus on the data since 800 AD for the Western US, since 1000 AD
for the Southeastern US, and since 1600 AD for the Northeast NA.
2.2 Singular Value Decomposition (SVD)
The statistical methods, such as singular value decomposition (SVD), have been used
extensively in meteorology and climatology studies (e.g., Liu, 2003). SVD is similar to the
empirical orthogonal function (EOF) analysis, but it is capable of detecting the covariability
between two variables simultaneously by utilizing the cross-covariance matrix between them
(Bretherton et al., 1992; Wallace et al., 1992). In this study, we applied SVD analysis to identify
the connections between seasonal SST and precipitation. The spatial pattern is presented through
the heterogeneous correlation patterns, which are the correlations between the precipitation/SST
anomaly field and each principal component (PC) for SST/precipitation field of the dominant
modes (Wallace et al., 1992). Since this chapter focused on the interannual and decadal
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variations, the global averaged anomalies of SST are removed before performing SVD to reduce
the influence of long-term trend in SST (Hu & Feng, 2001; Zhang et al., 1997).
2.3 The contribution of SVD modes to the magnitude of precipitation anomalies
Based on the method developed by Lau and Weng (2001), the percentage of variance
explained by the SVD kth mode for a specific year is defined as:
𝑃𝑃𝑘𝑘 = 1 − �[𝑅𝑅𝑅𝑅𝑅𝑅(𝑥𝑥, 𝑦𝑦) − 𝑃𝑃𝑃𝑃𝑘𝑘 ∙ 𝑆𝑆𝑆𝑆𝑆𝑆𝑘𝑘 (𝑥𝑥, 𝑦𝑦)]2 / � 𝑅𝑅𝑅𝑅𝑅𝑅(𝑥𝑥, 𝑦𝑦)2
𝑥𝑥,𝑦𝑦

𝑥𝑥,𝑦𝑦

where 𝑅𝑅𝑅𝑅𝑅𝑅(𝑥𝑥, 𝑦𝑦) is the PDA reconstructed precipitation anomaly at the grid point (𝑥𝑥, 𝑦𝑦);

𝑆𝑆𝑆𝑆𝑆𝑆𝑘𝑘 (𝑥𝑥, 𝑦𝑦) and 𝑃𝑃𝑃𝑃𝑘𝑘 are the spatial pattern and temporal coefficient of the kth SVD

mode. [𝑅𝑅𝑅𝑅𝑅𝑅(𝑥𝑥, 𝑦𝑦) − 𝑃𝑃𝑃𝑃𝑘𝑘 ∙ 𝑆𝑆𝑆𝑆𝑆𝑆𝑘𝑘 (𝑥𝑥, 𝑦𝑦)]2 indicates the variance of difference between the

reconstructed seasonal precipitation and the estimation based on the kth SVD mode. For a
designated spatial domain, [𝑅𝑅𝑅𝑅𝑅𝑅(𝑥𝑥, 𝑦𝑦) − 𝑃𝑃𝑃𝑃𝑘𝑘 ∙ 𝑆𝑆𝑆𝑆𝑆𝑆𝑘𝑘 (𝑥𝑥, 𝑦𝑦)]2 is summed up. For a specific

drought or pluvial event, 𝑅𝑅𝑅𝑅𝑅𝑅(𝑥𝑥, 𝑦𝑦) and 𝑃𝑃𝑃𝑃𝑘𝑘 is the mean value during this event. The second

term on the right hand can represent the variance error. The smaller the variance error, the higher
the 𝑃𝑃𝑘𝑘 . When the variance error is greater than or equal to 100%, 𝑃𝑃𝑘𝑘 is set to zero, indicating the

kth SVD mode has no contribution to the precipitation.

3. RESULTS
3.1 The seasonal moisture variations and hydroclimatic extremes over NA in the past
millennium
Based on the results of the pseudoproxy experiments in Chapter 2, the areal averaged
seasonal precipitation anomalies with respect to the 1600-2000 AD climatology in the Western
US since 800 AD, in the Southeastern US since 1000 AD, and in the Northeast NA since 1600
AD are shown in Figure 1, respectively. In the Western US, the warm season precipitation
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decreased before 1850 AD, especially in the Pacific Northwest and Northern Great Plain (Fig.
S1), resulting in more pluvials in MCA. For the cool season, more frequent and severe droughts
are found during MCA since the cool season precipitation was increasing before 1850 AD. The
reconstructed PDSI based on tree rings showed that the MCA is a period of enhanced aridity
characterized by megadroughts (Cook et al., 2010; Routson et al., 2016), which is consistent with
the results of NASM cool season precipitation, but not with the results of warm season
precipitation. This may be related to 1) the seasonality of precipitation signals and the
temperature information imbedded within the reconstructed PDSI (St. George et al., 2010), and 2)
this region receives more precipitation in the cool season. In both warm season and cool season,
the precipitation in the Southeastern US shows decreasing trends before 1850 AD and increasing
trends after 1850 AD, but there are still some significant differences in interdecadal variations.
For example, this region was wet during 1150-1300AD and dry during 1300-1500 AD in the
warm season. On the contrary, this region is pretty dry during 1150-1300AD and wet during
1300-1500 AD in the cool season. For the Northeast NA, the higher quality reconstructions are
only about 400 years due to limited available proxies. The reconstruction in this region shows
interdecadal moisture variations, such as the mid to late nineteenth century droughts.
NASM can well capture the hydroclimatic extremes events in different regions (Fig. 1).
The megadrought (megapluvial) events are defined as follows. We first calculate the 25-year
running average precipitation anomalies and their standard deviation in different regions. The
megadrought (megapluvial) events are identified when the smoothed precipitation anomalies are
below (above) one standards deviation for two decades or longer. The major multidecadal
seasonal drought and pluvial events are listed in Table 1. We can notice that some drought and
pluvial events occur simultaneously in both seasons (interseasonal droughts and pluvials), while
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others occur only in the warm or cool season. For example, the Western US experienced the long
and severe drought in cool season during the late 10th century to late 11th century (Fig. 2a), but
the precipitation was near normal during the warm season (Fig. 2b). The 16th century drought
during 1571-1597 AD in warm season was characterized by widespread dry conditions in the
Western US (Fig. 2c). Although the cool season precipitation also showed negative anomalies in
the Western US, the megadrought is not detected since the dry conditions shrank into the
Southwest region and didn’t last as long as the warm season (Fig. 2d). The mid-19th century
drought during 1846-1872 AD was one of the most severe pre-industrial droughts during the past
500 years according to NADA and NASPA (Fye et al. 2003; Herweijer et al. 2004). The NASM
seasonal precipitation reconstructions indicated that dry conditions were widespread in North
America in both warm and cool seasons (Fig. 2e, f). The differences in severity and persistence
of hydroclimatic extremes can also be found in pluvial events. In the Western US, the intense
pluvial can be found during 829-857 AD in the cool season, but near normal conditions
developed in the warm season (Fig. 3a, b). The late 11th century pluvial in the Southeastern US
during 1046-1078 AD is more prevalent in cool season compared with that in the warm season
(Fig. 3c, d). In the mid-20th century, the Southeastern US experienced simultaneous interseasonal
pluvial (Fig. 3e, f). The differences in spatial distribution of these extreme events in warm season
and cool season clearly indicated that the seasonality is an important component of hydroclimatic
variability behind dryness and wetness regimes.
3.2 The atmospheric and oceanic large-scale indices in the past millennium
The ability of NASM to capture major teleconnections, such as the El Niño-Southern
Oscillation (ENSO), the Pacific Decadal Oscillation (PDO), the Atlantic Multidecadal
Oscillation (AMO), and the North Atlantic Oscillation (NAO), is critical for understanding the
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causal factors of past droughts and pluvials. ENSO is a 2-7 year quasiperiodic phenomenon
occurring in the tropical Pacific Ocean, and the heating anomalies related to equatorial SST can
affect the propagation of Rossby wave from the tropics into the extratropics (Cook et al., 2014;
Seager & Hoerling, 2014). ENSO has a strong impact on global climate variability in both warm
and cool season, but the responses tend to be asymmetric (Barlow et al., 2001). PDO is also
about the sea surface temperature variation in the Pacific Ocean, but primarily associated with
the North Pacific and active on decadal timescale. It affects hydroclimatic variability primarily in
conjunction with ENSO rather than alone (Oglesby et al., 2012). AMO and NAO are
atmospheric–oceanic phenomenon over the Atlantic Ocean. AMO reflects the decadal time-scale
SST variations in the Atlantic Ocean over a period of 60-80 years (Enfield et al., 2001; Kerr,
2000). It can significantly affect the summer climates in NA and Europe. During the cold phase
of AMO, the monsoon rainfall to the south of the southwestern US is diminished, while the
moisture transport and summer precipitation in the central US are enhanced. A nearly reversed
condition occurs during the warm phase of AMO (Feng & Hu, 2008; Hu & Feng, 2008; Wang et
al., 2006). NAO represents the sea level pressure difference between the subpolar low and
subtropical high over the North Atlantic (Hurrell et al., 2003), and it can significantly influence
the winter climate variability over the eastern NA. Although NAO tends to weaken in the warm
season, studies indicated that the summer NAO can still affect the summer precipitation over NA,
particular over the central US (Hu & Feng, 2010).
Here, we calculate the ENSO, PDO, AMO and NAO indices from NASM and compare
them with previous reconstructions. The ENSO activities are presented with the Niño 3.4 index,
which is defined as the averaged SST over 5°S–5°N and 170°–120°W. The AMO index is
calculated from North Atlantic SST of 0-70°N (Enfield et al., 2001). The PDO index in the past
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is obtained by projecting the NASM SST field to the leading EOF of NASM SST anomalies in
the North Pacific, poleward of 20°N, during 1901-2000 AD. The calculation of NAO index is
similar to PDO index, except it is defined as the 500 hPa geopotential height anomalies over
90°W-40°E, 20°-80°N.
Table 2 shows the information about the previous ENSO, PDO, AMO, and NAO
reconstructions, including 14 ENSO reconstructions, 6 PDO reconstructions, 3 AMO
reconstructions, and 3 NAO reconstructions, respectively. They were obtained from the National
Oceanic and Atmospheric Administration (NOAA) website (https://www.ncdc.noaa.gov/dataaccess/paleoclimatology-data/datasets) and KNMI Climate Explorer
(https://climexp.knmi.nl/selectannualindex.cgi?id=someone@somewhere). The 14 ENSO
reconstructions are based on different proxy datasets by different methods. The “BR09R5” and
“BR09R8” ENSO index were reconstructed based on the proxy over the western equatorial
Pacific, New Zealand, the central Pacific, and subtropical North America (Braganza et al., 2009).
In Wilson et al. (2010) study, the center of action (COA) and the teleconnection (TEL) Niño3.4
reconstructions were developed using three methods: composite plus regression (CPR), principal
component regression (PCR), and regularized expectation maximization (REM) (Wilson et al.,
2010). The “LI11EN” and “LI13N34” ENSO index were derived from 835 tree-ring
chronologies in the North America Drought Atlas (Li et al., 2011) and 2222 tree-ring
chronologies from Asia, New Zealand, and North and South America (Li et al., 2013),
respectively. The ‘ST98SOI’ Southern Oscillation index reconstruction was composited from 14
tree rings (Stahle et al., 1998). The “DA19” ENSO index was reconstructed based on 743 proxy
records (Dätwyler et al., 2019), and the “DA20” winter ENSO index was taken from Dätwyler et
al. (2019) but adapted to the boreal winter (Dätwyler et al., 2020). The “MA09” ENSO, AMO,
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and PDO indices were derived from the SST reconstruction based on more than one thousand
multiple proxy records (Mann et al., 2009). In addition to the “MA09” AMO reconstruction, only
two other AMO indices are currently available. One is the “GR04” AMO index reconstructed
from 12 tree rings. The other is PHYDA, which is a PDA-based reconstruction through the
similar method to NASM. In terms of PDO reconstructions, except for the “SH06” PDO index,
which was reconstructed based on a data set of the drought/flood index derived from Chinese
historical documents (Shen et al., 2006), the other four PDO indices were all reconstructed based
on tree rings. The “DA0190” and “DA0100” PDO reconstructions are based on tree-ring records
in western NA (Dai et al., 2001); “MA05” and “Bi01” PDO indices are based on tree rings in
California and Alverta (MacDonald & Case, 2005) and Southern and Baja California (Biondi et
al., 2001), respectively. For NAO reconstructions, they are all about winter NAO variability.
“TR09” is a bi-proxy smoothed winter NAO reconstruction (Trouet et al., 2009). “OR15” winter
NAO reconstruction is based on nine winter NAO predictors (5 ice-core, 2 tree-ring, 2
speleothem records), which are selected from 48 proxy records through a ‘model-constrained’
method (Ortega et al., 2015). “CO19” is using a network of 97 Euro-Mediterranean tree-ring
series to estimate annually resolved winter NAO through nested correlation-weighted principal
components regression and the Maximum Entropy Bootstrap method (Cook et al., 2019).
Therefore, it is obvious that some of the proxy data used in the previous reconstructions of these
indices were also used in this study, which implies that the comparisons between our results and
the previous indices are not independent, albeit the methods used for the reconstructions are
different. Nevertheless, the comparisons can provide more insights about the reliability of PDA
method in reconstructing the large-scale oceanic and atmospheric variability.
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We compare the NASM ENSO, PDO, AMO and NAO indices with observations and
other reconstructions (Table 3). For ENSO, the temporal variation of NASM Niño 3.4 index is
consistent with both observations and other reconstructions, with significant correlation between
NASM Niño 3.4 index and all reconstructions or observations (Table 3). The temporal variation
of NASM Niño 3.4 index in warm season is similar to that in cool season, with more La Niña
events in MCA and more El Niño events in Little Ice Age (LIA) (Fig. 4a). The NASM shows
skill in reproducing PDO variability during the instrumental era, with the correlation coefficient
between reconstructed and observed PDO index of 0.60 for warm season and 0.35 for cool
season. The temporal variations of NASM PDO in warm season are similar to that in cool season,
and generally varies in parallel with previous reconstruction, showing the negative phase during
MCA and positive phase during LIA (Fig. 4b). However, except “MAO5”, the correlations
between NASM PDO index and other reconstructions are insignificant, or even negative (Table
3). It worth noting that not only for NASM PDO index, the correlation coefficients among other
reconstructions are also close to zero or negative. This discrepancy may be related to the
inconsistent interannual variability of different PDO reconstructions due to various definitions of
PDO and reconstruction methods.
The NASM NAO is significantly correlated with the observations during 1901-2000 (r =
0.79 for cool season and r = 0.33 for warm season; p < 0.01). NASM NAO reconstruction in
cool season is also consistent with previous reconstructions, with the correlation coefficient of
0.33 for “OR15” NAO reconstruction during 1049-1969, and the correlation coefficient of 0.26
for “CO19” NAO reconstruction during 910-2000. Since the “TR09” NAO reconstruction is
highly smoothed, the correlation coefficient between them is relatively low (r = 0.16). There is
no warm season NAO reconstruction available to be compared with NASM. The temporal
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variations of NASM NAO show differences in warm season and cool season. From the 13th
century to the 15th century, the warm season NAO is dominated by negative phase, while the
cool season NAO is in the positive phase. The similar conditions can also be noticed during
1650-1700 AD (Fig. 4c). Unlike NAO, the NASM AMO demonstrate similar temporal variations
in both warm and cool season during 800-2000 AD (Fig. 4d). The AMO timeseries is
characterized by substantial multidecadal variability, with an evident cooling trend until early
19th century, which is consistent with previous studies (Table 3). The NASM AMO index has the
highest significant correlation with PHYDA compared with other reconstructions, which is
reasonable since they are all PDA-based seasonal reconstruction.
In summary, the PDA based oceanic and atmospheric indices in this study show
consistent temporal variations with the observations, and other reconstructions based on different
proxies and methods. These results suggested that the links between the warm and cool season
precipitation in NA and these indices shown below are likely reliable during the past millennium.
3.3 Coherent SST–precipitation modes and associated atmospheric circulation
To examine the link between the seasonal precipitation over NA and SST, the SVD
analysis is performed by analyzing the covariance matrices of the two fields during the past
millennium. The spatial domain for SST is 30°S-70°N,110°E-0°W, covering the equatorial and
North pacific and Atlantic. The results are shown using heterogeneous correlation patterns PC
time series. The Student's t-test is used to assess the statistical significance of correlation, and the
Benjamini-Hochberg procedure is used to guarantee a false discovery rate of less than 5%
(Benjamini & Hochberg, 1995). The first two SVD modes of NASM SST and precipitation
during 1901-2000 AD are consistent with the results of instrumental data in both spatial patterns
and PC timeseries (Fig. S2-S5), suggesting that the PDA method can well reproduce the
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observed links between SST and seasonal precipitation in the NA. Although the third SVD mode
of NASM are different from that of the instrumental data, the explained covariance of this mode
is significantly smaller than the first two SVD modes. Therefore, this study only focused on the
first two SVD modes in the subsequent analysis of the SST/precipitation links in the past
millennium.
The SST pattern of the first SVD mode between SST and precipitation suggests the El
Niño in both warm season and cool season, with the large positive correlations in the eastern and
central equatorial Pacific, negative correlations in the central North Pacific, and positive
correlations along the east coast of North America (Fig. 5a, 6a), while the corresponding
precipitation exhibits distinctive geographic patterns. The cool season precipitation features
positive correlations in the Gulf Coast states, the southern Plains, and the Southwest and negative
correlations extending from the Northwest to the east of the Great Lake (Fig. 6c). In warm
season, the strong positive precipitation anomalies associated with the El Niño tropical SST can
be found in the Northwest and the northern plains, where the negative precipitation anomalies
are located in cool season, and the positive correlations on the east coast of NA in cool season
were replaced by the negative correlations in warm season (Fig. 5c). Meanwhile, the covariance
between the SST and precipitation explained by the first mode in warm season (76.5%) is
smaller than that for cool season (90.3%), indicating stronger tropical SST influence on the NA
precipitation during cool season than warm season. The PC1 timeseries are significantly
correlated to the NASM ENSO index (Fig. 5e, 6e), with negative values during MCA and
positive values during LIA, further suggesting that the SVD1 mode of precipitation is mainly
affected by ENSO. This link between tropical Pacific SST and NA precipitation has been found
in many previous studies (e.g. Erb et al., 2020; Wang & Ting, 2000).
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To understand the physical processes responsible for the link between the SST and the
NA precipitation demonstrated in the SVD modes, linear regressions of NASM seasonal 500 hPa
geopotential height associated with one standard deviation departures of each PC time series are
calculated. For reference, the corresponding regression pattern of seasonal SST and NA
precipitation anomalies are also displayed. The circulations associated with the SST PC1 are
very similar to those associated with precipitation PC1, and they are characterized by a band of
anomalous lows extending across the North Pacific, the US and part of the North Atlantic and an
anomalous high over Canada (Fig. 7a,7b, 8a, 8b), which is the typical teleconnection pattern
associated with El Niño in both warm season and cool season (Horel & Wallace, 1981). In this
case, the increasing zonal mean zonal wind in low latitudes and decreasing zonal mean zonal
wind in high latitudes altered the upper-level Pacific and US jet stream southward and further
affected the precipitation.
The second SVD modes for warm season and cool season demonstrate different patterns.
For cool season, the precipitation pattern shows an out-of-phase relationship between the
Southeastern US and the Northwest (Fig. 6d). The SST pattern primarily characterized with a
southeast-northwest bipolar pattern in the eastern North Pacific (Fig. 6b). This influence of North
Pacific SST on NA precipitation has also been found in other studies (Wang & Ting, 2000).
Compared to the first SVD mode, the second SVD mode only explains 6.4% of the total
covariance between precipitation and SST, and the correlation between SST and precipitation
PC2 timeseries (0.66) is slightly lower than that of the first SVD mode (0.78). The 500 hPa
geopotential heights associated with the second SVD mode features a wavelike structure, with
positive height anomalies over eastern North Pacific, negative height anomalies over the Western
US and Eastern Canada, and positive height anomalies over the Gulf of Mexico and Southeastern
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US, respectively (Fig. 8c, d). The circulation pattern favors the moisture transport from the Gulf
of Mexico to the southeastern US, leading to positive precipitation anomalies in the region. On
the other hand, the second SVD mode in warm season mainly exhibits the impact of North
Atlantic on NA precipitation. The precipitation pattern shows dry conditions from the Great
Plains across the Ohio Valley, corresponding to the positive NAO-like SST pattern (Fig. 5b, d).
The corresponding PC time series are also strongly correlated with warm season NAO index (Fig.
5f). The typical circulation of summer NAO, with Iceland low and Azores high, can be found in
the associated 500 hPa geopotential heights (Fig. 7c, d).
3.4 The explained variance of each SVD modes to the magnitude of precipitation anomalies
In addition to the seasonal SST-precipitation link in the past, we also quantified the
mode-by-mode contribution to the precipitation variance in different regions based on the
method developed by Lau and Weng (2001) (see Section 2.3). Generally, the SVD1 explains
more variance of warm season precipitation anomalies than SVD2 in the Western US, especially
before the 18th century (Fig. 9a). For cool season, although the variance explained by SVD1 is
greater that of SVD2 in most years before 1400 AD, after that the contribution of the first and
second SVD are comparable (Fig. 9b). In the Southeastern US and Northeast NA, the SVD2
explained about 15% of the warm season precipitation variance, and the SVD1 does not seem to
play any significant role. In the cool season, the contribution of SVD1 and SVD2 are comparable
(Fig. 9c-f).
The contribution of each SVD modes to the megadrought and megapluvial events in
different regions are also calculated and summarized in Table 1. For the Western US, the
contribution of SVD1 to the warm season extreme events is significantly larger than that of
SVD2, so these extreme events were mainly caused by ENSO based on the physical
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interpretations of the SVD modes. For example, the SVD1 explained more than 60% of the
variance of the precipitation anomalies for the warm season megadrought during 1571-1597 AD,
and the seasonal precipitation anomaly patterns based on the SVD1 clearly shows the moisture
deficit over the western US, while the seasonal precipitation anomaly patterns based on the
SVD2 doesn’t show any dry conditions in the Western US as a result of the SVD2’s contribution
is only 2.67% (Fig. 10c, d). The dominant role of SVD1 for warm season pluvial events in the
Western US can also be seen from the seasonal precipitation anomaly patterns of cool season
pluvial event during 829-857 AD (Fig. 11a, b). On the other hand, the dominant SVD mode for
cool season extreme events in the Western US varies from event to event. For the drought events
during 1633 -1668 AD and 1846 -1872 AD, none of the modes plays important role (P < 10). For
the drought event during 1129 - 1177 AD, the SVD1 and SVD2 both contribute an important
portion to the explained variance, but the seasonal precipitation anomaly patterns based on SVD1
and SVD2 reveals different spatial patterns. SVD1 (ENSO) mainly caused the drier conditions in
the Southwest, while SVD2 (the North Pacific SST) is mainly affected the Northwest (Fig. 10e,
f). There are some events were mainly affected by SVD1, such as the megadrought during 865897 AD, or SVD2, like the megadrought during 985-1075 AD. Here we use the cool season
megadrought during 985-1075 AD as an example. This megadrought shows extreme dry
conditions over California (Fig. 2a), which can be attributed to the North Pacific SST because of
the large contribution of SVD2 (P = 47.75). The seasonal precipitation anomaly patterns based
on the SVD2 can well reflect its spatial characteristics (Fig. 10a, b).
Over the Southeastern US, the warm season hydroclimatic extremes are mainly affected
by SVD2 (NAO), while the dominant SVD mode for cool season hydroclimatic extremes varies
from event to event. For example, the contributions of SVD1 and SVD2 are similar for the
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pluvial during 1929-1960 AD, which is also supported by the reconstructed rainfall anomaly
patterns (Fig. 11e, f). The drought during 1267-1301 AD is mainly affected by ENSO (SVD1),
while the SVD2 explains about 59% and 80% of the rainfall variance for the drought during
1885 -1910 AD and the pluvial during 1046 -1078 AD. We can find that the seasonal
precipitation anomaly patterns based on the SVD2 can reproduce the wet conditions for the 1046
-1078 AD pluvial in the Southeastern US (Fig. 11c, d). In the Northeast NA, SVD modes
contribute slightly less to extreme events comparing to other regions. For the two megadroughts,
the percentage of explain variances of SVD2 is slightly greater than SVD1, but both are less than
20%, suggesting that none of the modes plays important role for the pluvials in the Northeast NA.

4. CONCLUSION AND DISCUSSION
The PDA-based North America Seasonal Moisture reconstruction (NASM) during the
past millennium has been used to investigate the seasonal, spatial, and temporal variations of
major drought and pluvial events in NA as well as their causal mechanisms. The spatial and
temporal characteristic of moisture variations and hydroclimatic extremes are notably different in
the warm season and cool season, indicating that seasonality is an important component of the
variability behind dryness and wetness regimes in NA. We also identified two main SVD modes
of seasonal SST–NA precipitation co-variability for the last millennium. The first SVD mode
captures the link between seasonal NA precipitation variability and ENSO, and the 500 hPa
geopotential height circulation is consistent with the atmospheric response to the tropical SST
forcing. However, the corresponding precipitation exhibits distinctive geographic patterns in
warm season and cool season. The second SVD mode describes different links between SST and
NA precipitation in warm season and cool season. In cool season, the out-of-phase relationship
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between the southeastern US and the Northwest is linked to the North Pacific SST anomalies,
and the atmospheric circulation features a wavelike structure. The SVD2 for the warm season
depicts the impact of North Atlantic SST on NA precipitation, and the corresponding oceanic
and atmospheric conditions show a NAO-type pattern.
Based on the seasonal SST–NA precipitation links identified by the SVD analysis, we
quantified the mode-by-mode contributions to the magnitude of precipitation anomalies in each
year and hydroclimate extremes over different regions. For warm season precipitation, SVD1
explains more variance than SVD2 in the Western US, while the opposite was true in the
Southeastern US and Northeast NA. The contribution of each SVD modes to hydroclimatic
extremes shows similar results. The megadrought and megapluvial events in the Western US are
mainly affected by ENSO, and NAO is important for the extremes in Southeastern US and
Northeast NA. For cool season precipitation, the contribution of SVD1 and SVD2 in the
Southeastern US and Northeast NA are comparable in most years. In the Western US, the
variance explained by SVD1 is still greater that of SVD2 in most years before 1400 AD, the
same as warm season, but after that the contribution of the first and second SVD modes are
comparable. The dominant SVD mode for cool season hydroclimatic extremes varies from event
to event. The differences in SVD’s contribution to hydroclimatic extremes are also supported by
the reconstructed rainfall anomaly patterns.
In addition to the seasonal differences in hydroclimatic extremes and SST-precipitation
links, another important difference is that around 1400 AD there was a hundred-year period in
the Western US and Southeastern US, when the moisture conditions in the warm season and cool
season exhibited opposite anomalies (Fig. 1a-d). This may be related to the differences in SST
conditions in warm season and cool season. The warm season SST shows a La Niña-like pattern
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in the tropical Pacific during 1350-1450 AD, while the strong cooling of SSTs is mainly
concentrated in the central tropical Pacific (CP) during the cool season (Fig. 12). The link
between SST and the opposite seasonal precipitation conditions around 1400 AD need further
investigation.
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Fig. 1 Time series of 25-year smoothed averaged seasonal precipitation for the Western US
during 800-2000 AD (a, b), Southeastern US during 1000-2000 AD (c, d), and Northeast NA
during 1600-2000 AD (e, f). Dashed lines indicate one standard deviation. Prolonged droughts
and pluvials are shown in pink and cyan respectively. The gray shading shows regional averaged
standard deviation of seasonal precipitation.
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Fig. 2 The spatial distribution of seasonal precipitation percentile for three megadroughts
including the 985-1075 AD (a, b), 1571-1597 AD (c, d), and 1846-1872 AD (e, f) events.
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Fig. 3 The spatial distribution of seasonal precipitation percentile for three pluvials including the
829 - 857 AD (a, b), 1046 - 1078 AD (c, d), and 1929 - 1960 AD (e, f) events.
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Fig. 4 Standardized time series of ENSO (a), PDO (b), NAO (c), and AMO (d) index during
800-2000 AD. 25-year smooth is applied. The red and blue lines indicate the warm season and
cool season reconstructions respectively.
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Fig. 5 Heterogeneous correlations of the first two SVD modes between NASM warm season
SST (a, b) and NA precipitation (c, d) during 800-2000 AD. Regions hatched indicate the
correlations are statistically significant at 5% level based on Student's t‐test and BenjaminiHochberg control procedure (false discovery rate < 5%). The 9-year smoothed normalized PC
time series and the corresponding large-scale forcing are shown in (e, f).
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Fig. 6 Heterogeneous correlations of the first two SVD modes between NASM cool season SST
(a, b) and NA precipitation (c, d) during 800-2000 AD. Regions hatched indicate the correlations
are statistically significant at 5% level based on Student's t‐test and Benjamini-Hochberg control
procedure (false discovery rate < 5%). The 9-year smoothed normalized PC time series and the
corresponding large-scale forcing are shown in (e, f).
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Fig. 7 Regression patterns of NASM warm season 500 hPa geopotential height (contours), SST
(shadings), and NA precipitation (shadings) anomalies associated with one standard deviation
departures of the time series of the two leading SVD modes. The contour interval is 1.0 hPa and
negative contours are dashed.
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Fig. 8 Regression patterns of NASM cool season 500 hPa geopotential height (contours), SST
(shadings), and NA precipitation (shadings) anomalies associated with one standard deviation
departures of the time series of the two leading SVD modes. The contour interval is 1.0 hPa and
negative contours are dashed.
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Fig. 9 The 9-year smoothed percentage of explained variance (P) by seasonal precipitation of the
two leading SVD modes for each year in the Western US during 800-2000 AD (a, b), in the
Southeastern US during 1000-2000 AD (c, d), and in the Northeast NA during 1600-2000 AD (e,
f). The red and blue lines indicate the percentage of explained variance of SVD1 and SVD2
respectively.
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Fig. 10 The seasonal precipitation anomaly patterns (mm/month) based on the first and second
SVD mode for megadroughts during 985-1075 in cool season (a, b), during 1571-1597 in warm
season (c, d), and during 1129-1177 in cool season (e, f).

106

Fig. 11 The seasonal precipitation anomaly patterns (mm/month) based on the first and second
SVD mode for pluvials during 829-857 in warm season (a, b), during 1046-1078 in cool season
(c, d), and during 1929-1960 in cool season (e, f).
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Fig. 12 The SST conditions (°C) during 1350-1450 AD
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Table 1 Prominent multidecadal seasonal drought and pluvial periods shown in figure 1, along with the percentage of contribution for
two leading SVD modes based on equation 1. The dominating contribution factors are highlighted in bold.
Droughts
Warm season
Events
SVD1 SVD2
1571 - 1597 63.86
2.67
1843 - 1896 31.85
24.35
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1396 - 1428
1438 - 1471
1825 - 1866
1846 - 1880

9.65
4.58
3.94
0.34

34.40
8.29
38.79
13.98

Pluvials

Western US
Cool season
Warm season
Events
SVD1 SVD2
Events
SVD1 SVD2
865 - 897
49.18 19.39
829 - 857
54.55
14.25
911 - 935
36.34 21.92
885 - 918
59.57
11.18
985 - 1075 14.07 47.75 1083 - 1120 15.82
11.2
1129 - 1177 30.79 33.40
1238 - 1301 53.19 17.54
1633 - 1668
0
9.9
1846 - 1872
0
0
Southeastern US
1171 - 1194 5.22
5.13 1012 - 1036
1.13
34.17
1267 - 1301
64
0
1163 - 1188
4.71
0
1885 - 1910
0
58.98 1936 - 1988
2.70
11.10
1842 - 1897

0

Northeast NA
18.48 1818 - 1841

0

0

Cool season
Events
SVD1
1597 - 1620
0

SVD2
33.86

1046 - 1078
1929 - 1960

0
23.69

80.51
25.97

1937 –1960

0

0.66

Table 2 Summary indices of internal climate variability reconstructions including the ENSO, the
PDO, the AMO, and the NAO.
Climate
phenomenon
ENSO

PDO

AMO
NAO

Identifier

Period (AD)

Reference

BR09R5
BR09R8
WI10CPRCOA
WI10PCRCOA
WI10REMCOA
WI10CPRTEl
WI10PCRTEL
WI10REMTEL
LI11EN
LI13N34
ST98SOI
DA20
DA19
MA09
MA09
MA05
DA0100
DA0190
SH06
BI01

1525–1982
1727–1982
1607–1998
1607–1998
1607–1924
1540–1998
1540–1998
1540–1924
900–2002
1301–2005
706–1977
1000-1990
1000-1990
500-2006
500-2006
993-1996
1700-1979
1790-1979
1470-1998
1661-1991

GR04
MA09
PHYDA
CO19
TR09
OR15

1567–1990
500-2006
1-2000
910-2018
1049-1995
1049-1969

(Braganza et al. 2009)
(Braganza et al. 2009)
(Wilson et al. 2010)
(Wilson et al. 2010)
(Wilson et al. 2010)
(Wilson et al. 2010)
(Wilson et al. 2010)
(Wilson et al. 2010)
(Li et al. 2011)
(Li et al. 2013)
(Stahle et al. 1998)
(Dätwyler et al. 2020)
(Dätwyler et al. 2019)
(Mann et al. 2009)
(Mann et al. 2009)
(MacDonald and Case 2005)
(d'Arrigo, Villalba and Wiles 2001)
(d'Arrigo et al. 2001)
(Shen et al. 2006)
(Biondi, Gershunov and Cayan
2001)
(Gray et al. 2004)
(Mann et al. 2009)
(Steiger et al. 2018)
(Cook et al. 2019)
(Trouet et al. 2009)
(Ortega et al. 2015)
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Table 3 Summary of the correlation coefficient between NASM reconstrued large scale forcing
index and other previous studies during the overlapping period. For ENSO index, since
“BR09R5”,”BR09R8” and “ST98SOI” are Southern Oscillation Index, they are multiplied by -1
before calculating the correlation coefficient. The correlation coefficient between NASM
reconstrued large-scale forcing indices and the corresponding seasonal observations (OBS)
during 1901-2000 are also shown.
Climate phenomenon
ENSO

PDO

AMO

NAO

Identifier
BR09R5
BR09R8
WI10CPRCOA
WI10PCRCOA
WI10REMCOA
WI10CPRTEl
WI10PCRTEL
WI10REMTEL
LI11EN
LI13N34
ST98SOI
DA20
DA19
MA09
OBS (MJJ)
OBS (DJFMA)
MA09
MA05
DA0100
DA0190
SH06
BI01
OBS (MJJ)
OBS (DJFMA)
GR04
MA09
PHYDA (JJA)
PHYDA (DJF)
OBS (MJJ)
OBS (DJFMA)
CO19
TR09
OR15
OBS (MJJ)
OBS (DJFMA)

Cor (warm season)
0.28
0.29
0.66
0.68
0.55
0.38
0.38
0.24
0.18
0.16
0.24
0.22
0.26
0.33
0.76
——
0.02
0.17
0
0.09
-0.01
-0.04
0.60
——
0.3
0.38
0.64
——
0.83
——
-0.03
0
-0.18
0.33
——
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Cor (cool season)
0.58
0.60
0.44
0.44
0.29
0.39
0.40
0.28
0.47
0.44
0.55
0.44
0.34
0.41
——
0.72
-0.11
0.26
-0.09
-0.03
-0.03
-0.12
——
0.35
0.31
0.47
——
0.65
——
0.83
0.26
0.16
0.33
——
0.79

APPENDIX

Fig. S1 The trends of seasonal precipitation (mm⋅month-1/decade) during 800-1850 AD.

Fig. S2 Heterogeneous correlations of the first three SVD modes between COBE SST (a, d, g)
and GPCC precipitation (b, e, h) in warm season during 1901-2000 AD. Regions hatched
indicate the correlations are statistically significant at 5% level based on Student's t‐test and
Benjamini-Hochberg control procedure (false discovery rate < 5%). The 9-year smoothed
normalized PC time series are also shown (c, f, i).
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Fig. S3 Heterogeneous correlations of the first three SVD modes between NASM SST (a, d, g)
and precipitation (b, e, h) in warm season during 1901-2000 AD. Regions hatched indicate the
correlations are statistically significant at 5% level based on Student's t‐test and BenjaminiHochberg control procedure (false discovery rate < 5%). The 9-year smoothed normalized PC
time series are also shown (c, f, i).
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Fig. S4 Heterogeneous correlations of the first three SVD modes between COBE SST (a, d, g)
and GPCC precipitation (b, e, h) in cool season during 1901-2000 AD. Regions hatched indicate
the correlations are statistically significant at 5% level based on Student's t‐test and BenjaminiHochberg control procedure (false discovery rate < 5%). The 9-year smoothed normalized PC
time series are also shown (c, f, i).
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Fig. S5 Heterogeneous correlations of the first three SVD modes between NASM SST (a, d, g)
and precipitation (b, e, h) in cool season during 1901-2000 AD. Regions hatched indicate the
correlations are statistically significant at 5% level based on Student's t‐test and BenjaminiHochberg control procedure (false discovery rate < 5%). The 9-year smoothed normalized PC
time series are also shown (c, f, i).
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CHAPTER 4
Assimilation of warm season moisture variability over Asia during the Common Era
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ABSTRACT
Mid-latitude Asia is vulnerable to natural disasters (i.e., droughts and floods) due to its
geographical location and high population density. It is therefore critical to understand the
natural moisture variations and their physical mechanisms. Paleoclimate data assimilation (PDA)
has been widely used to investigate climate variability before the instrumental era. However,
there is no PDA-based study focused on Asia. Additionally, the PDA-based Last Millennium
Reanalysis (LMR) did a relatively poor job in assimilating the hydroclimate in Asia, mainly
because very few proxy records in Asia were available. This study collects hundreds of
documentary sources to assimilate the annually-resolved warm season moisture variability over
Asia during the past two millennia. Our new reconstructions are compared to previous LMR
studies, and the validation against various instrumental data indicates that reconstruction skill for
moisture is significantly improved. Meanwhile, pseudoproxy experiments are applied to evaluate
the reconstruction skill beyond the instrumental era. Besides summer precipitation, global sea
surface temperature and 500 hPa geopotential height are also reconstrued to provide more
detailed understanding of the causal factors of past hydroclimate extremes (e.g. Late Ming
Dynasty Megadrought). The spatiotemporal variations of hydroclimate and their links to largescale forcing during the past millennium have also been investigated.

1. INTRODUCTION
Understanding the physical mechanisms responsible for moisture variations in the past is
an important prerequisite for the prediction of future hydrological change. Since instrumental
data is usually available for about one hundred years, a longer dataset is critically needed to
investigate the full range of natural climate variability from a long-term perspective. Past
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climatic conditions can be derived either from proxy data (e.g., historical documents, tree ring,
corals, ice core, etc.) or from Earth system model simulations. Paleoclimate data assimilation
(PDA) synthesizes them together to obtain the optimal estimates of past climatic conditions
(Phipps et al., 2013), therefore the PDA reconstructions are not only consistent with climate
signals recorded by proxies, but also with the dynamics of Earth system model simulations
(Edwards et al., 2013). Consequently, PDA-generated climate field reconstructions have been
widely used to investigate climate variability in the past (e.g. Goosse et al., 2006, 2010; Hakim et
al.,2016; Steiger et al., 2014, 2018; Perkins & Hakim 2017). Within this general PDA framework,
a flexible PDA system has been developed for the Last Millennium climate Reanalysis (LMR)
project to produce annually resolved reconstructions of the Common Era. Hakim et al. (2016)
describe a prototype configuration of the LMR, and the reconstructed Northern Hemisphere
mean near-surface air temperature is consistent with previous reconstructions. Based on the
prototype, Tardif et al. (2019) produce an updated LMR (LMR version 2) by including more
proxy data and introducing more sophisticated proxy system models (PSMs). The comparisons
between LMR version 2 and the prototype show notable improvements in temperature
reconstructions, dynamical variables, and hydroclimate variables.
Asia is vulnerable to moisture extremes due to its geographical location and high
population density. Over Northern Hemisphere continental areas, both the LMR prototype and
LMR version 2 show confidence in moisture reconstruction over North America and Europe, but
lower skill is found over Asia, as a large proportion of proxy data are located over North
America and Europe (Hakim et al., 2016; Tardif et al., 2019). Therefore, this study collected
more proxy data over Asia to produce a more sophisticated moisture database. Besides proxy
data, the number of ensembles for prior states and localization radius are also important
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parameters affecting PDA results. 100-member ensemble and localization radius with a cut-off
radius of 25000 km have been tested respected to global–mean temperature and applied in
previous LMR studies (Hakim et al., 2016; Tardif et al., 2019). Although in Chapter 2 of the
dissertation, the optimal number of ensembles and localization radius for seasonal precipitation
reconstruction over North America has been tested by pseudoproxy experiments (PPEs), it is still
necessary to test these parameters for warm season moisture in Asia, so PPEs are conducted to
determine those parameters in the study region.
The remainder of the paper is organized as follows. In section 2, we present the PDA
methodology. The sensitivity analysis about the number of ensembles for prior states and
localization radius based on PPEs are shown in Section 3. The verifications on summer
precipitation, sea surface temperature (SST), and 500 hPa geopotential height against
instrumental data are shown in section 3. Section 4 exhibits the reconstruction skill of summer
precipitation over Asia in the pre-instrumental era based on PPEs, followed by case studies about
moisture regimes and extreme drought event. We conclude with a discussion of the merits and
limitations of the new reconstruction and perspectives on potential applications.

2. METHODS
The same offline data assimilation (DA) method used in Chapter 2 is employed in this
study. The ensemble-mean of the posterior, and perturbations about the ensemble mean of the
posterior are solved separately by the ensemble square-root filter (EnSRF) approach (Whitaker &
Hamill, 2002), and then the ensemble of updated states is then calculated by combining the
posterior ensemble mean and perturbations. The PDA experiments settings are also similar to
that for the North America Seasonal Moisture reconstruction (NASM). The prior states are
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derived from monthly Community Climate System Model version 4 (CCSM4) last millennium
simulation (Landrum et al., 2013), including monthly SST, precipitation, and 500 hPa
geopotential height. All reconstruction experiments are composed of 20 Monte Carlo
assimilation realizations, each using a different set of randomly chosen 200-member ensemble,
and climate reconstructions are taken as the mean over the 200-member DA ensembles and 20
Monte Carlo realizations (i.e., a 4000-member ensemble). The approximately Gaussian fifthorder piecewise continuous polynomial function from Gaspari and Cohn (GC function; Gaspari
& Cohn, 1999) with a 7000 km cut-off radius is applied to the precipitation reconstruction to
control the sampling error in prior covariance. The 200 ensemble members and 7000km
localization radius are chosen based on the sensitivity analysis (see Section 3). Below we will
discuss proxy data and proxy system models (PSMs). For the reconstruction of global SST and
500 hPa geopotential height, the 25000 km localization radius is applied based on the previous
LMR studies (Tardif et al., 2019).
2.1 Proxy data
Besides the LMR proxy dataset used in Tardif et al. (2019), the additional drought/flood
grade dataset based on China historical documents is also collected over Asia (Fig. 1). LMR
proxy dataset includes the latest PAGES 2k collection (PAGES 2k Consortium, 2017, hereafter
PAGES2k2017) and the additional proxies from Anderson et al. (2019). PAGES 2K-2017
dataset is extensively quality controlled and screened to retain temperature-sensitive record. The
proxies from Anderson et al. (2019) contains the large number of tree ring width records over
North America, 23 coral records over Tropics, 37 ice core records over Greenland and eastern
Canadian Arctic, 26 ice core records over West Antarctica and Drönning Maud Land, 6 ice core
records in the Peruvian Andes and Tibetan Plateau, and 2 higher latitude lake core records.

120

The additional drought/flood grade dataset is composed by two parts. One is the
drought/flood grading for 63 stations from 137 BC to 1469 AD derived from 22567 pieces of
historical drought/flood descriptions extracted from ancient Chinese writings (Zhang, 1996), the
other is derived from “flood and drought distribution atlas of China in the last 500 years” for 120
locations (China Central Meteorology Bureau, 1989). They share most of the sites. The
drought/flood grade information can well represent the warm season precipitation (May–
September or June–September) and have been validated and used in studies about the past
moisture variations on regional scale (e.g., Hu & Feng, 2001; Zheng et al., 2014; Ge et al., 2016;
Lee et al., 2017). The proxy records with at least 25 years (non-contiguous) overlap with
calibration data (see Section 2.2) are used in PDA. The detailed information about proxy dataset
is summarized in Table 1.
2.2 Proxy system models
Proxy system models, which map the climate variables (e.g. temperature, precipitation) to
the assimilated proxies (e.g. tree ring width), are a critical component of PDA. According to the
individual features in each type of proxy, we apply the classification PSMs for the drought/flood
grade, bivariate regression-based PSMs for tree ring chronologies, and univariate regressionbased PSMs to other proxies. The calibration datasets used in this study are the NASA Goddard
Institute for Space Studies (GISS) Surface Temperature Analysis version 4 (GISTEMP; Hansen
et al., 2010) and the Global Precipitation Climatology Centre version 6 (GPCC; Schneider et al.,
2014). The detailed information about the calibration datasets can be found in Table 2.
For the classification PSMs, we assume that the warm season precipitation anomalies
����′ ) from calibration instrumental-era datasets taken at the grid point nearest to the proxy
(𝑋𝑋
2

location during the overlapping period between the 𝑘𝑘 𝑡𝑡ℎ proxy and the calibration instrumental121

era datasets is Gaussian distribution with the mean 𝜇𝜇𝑘𝑘 and variances 𝜎𝜎𝑘𝑘 2 . Based on the definition
of the drought/flood grade, that is, the frequency of severe drought (grade 5) is about 10%,

drought (grade 4) is about 20%, normal condition (grade 3) is about 40%, flood (grade 2) is
about 20%, and heavy flood (grade 1) is about 10%, respectively (Ge et al., 2016). Therefore, the
𝜇𝜇𝑘𝑘 − 1.28𝜎𝜎𝑘𝑘 , 𝜇𝜇𝑘𝑘 − 0.52𝜎𝜎𝑘𝑘 , 𝜇𝜇𝑘𝑘 + 0.52𝜎𝜎𝑘𝑘 , and 𝜇𝜇𝑘𝑘 + 1.28𝜎𝜎𝑘𝑘 are used as the criteria to determine
����′ ) from
the drought/flood grade (𝑦𝑦𝑘𝑘 ) based on the warm season precipitation anomalies (𝑋𝑋
2

calibration instrumental-era datasets. The equation is
⎧ 1
⎪2
𝑦𝑦𝑘𝑘 = 3
⎨
⎪4
⎩ 5

����′ > 𝜇𝜇 + 1.28𝜎𝜎
if 𝑋𝑋
2
𝑘𝑘
𝑘𝑘
′
����
if 𝜇𝜇𝑘𝑘 + 1.28𝜎𝜎𝑘𝑘 ≥ 𝑋𝑋2 > 𝜇𝜇𝑘𝑘 + 0.52𝜎𝜎𝑘𝑘
if 𝜇𝜇𝑘𝑘 + 0.52𝜎𝜎𝑘𝑘 ≥ ����
𝑋𝑋2 ′ > 𝜇𝜇𝑘𝑘 − 0.52𝜎𝜎𝑘𝑘
if 𝜇𝜇𝑘𝑘 − 0.52𝜎𝜎𝑘𝑘 ≥ ����
𝑋𝑋2 ′ > 𝜇𝜇𝑘𝑘 − 1.28𝜎𝜎𝑘𝑘
����′ ≤ 𝜇𝜇 − 1.28𝜎𝜎
if 𝑋𝑋
2
𝑘𝑘
𝑘𝑘
𝑝𝑝𝑘𝑘 = 𝑦𝑦𝑘𝑘 + 𝜖𝜖𝑘𝑘

where 𝜖𝜖𝑘𝑘 is the residual for the 𝑘𝑘 𝑡𝑡ℎ proxy.

The vector of residuals for each proxy, 𝜖𝜖𝑘𝑘 , are then used to compute the diagonal entries

of the matrix 𝐑𝐑, where the 𝑘𝑘 𝑡𝑡ℎ entry is computed as 𝐑𝐑 𝑘𝑘 = 𝜖𝜖𝑘𝑘 2 . This is a key parameter in PDA
because it determines the extent to which the information provided by the proxy is weighted

against prior information in the resulting reanalysis. A record with a larger residual will have less
weight in the reanalysis relative to a record with a smaller residual.
Because of the heterogeneous sensitivity of different tree-ring sites, we employ a
bivariate regression-based PSMs for the tree ring-width, considering both temperature and
precipitation. Univariate statistical PSMs which only consider temperature are used for other
proxies. Details about univariate and bivariate regression-based PSMs can be found in Chapter 2.
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3. SENSITIVITY ANALYSIS
We turn now to the sensitivity of results to the number of ensembles for prior states and
localization radius of the PDA framework. The PPEs are conducted to examine the influence of
the number of priors and localization radius on the reconstruction skill. The detailed steps for the
PPE have been discussed in Chapter 2. The Correlation (Cor) and coefficient of efficiency (CE)
between the derived summer precipitation using pseudoproxies and the known modeled climate
are used to evaluate the skill and uncertainly of this PDA method.
100 ensemble members have been tested and used for the LMR temperature
reconstruction (Hakim et al., 2016; Tardif et al., 2019), and 200 ensembles are used for the
seasonal precipitation reconstruction in North America (Chapter 2). The optimal ensemble
number for summer precipitation reconstruction in Asia may be different from temperature
reconstruction and moisture reconstruction in NA since it is depended on the research objectives
and observation network (Franke et al., 2011; Goodwin et al., 2014). Therefore, PPEs with
randomly drawn 50, 100, 200, 300, and 500 ensembles from CCSM4 simulations are used to
examine how many prior states yield the best skill in summer precipitation reconstruction over
Asia. In these experiments, 20 Monte Carlo realizations with 7000km localization radius are
carried out. The areal averaged Cor and CE over Asia for different number of ensembles shows
that as the number of ensembles increase, the reconstruction skill dramatically improved.
However, the reconstruction skill doesn’t change much when the number of ensembles is greater
than 200 (Fig. 2a). This conclusion isn’t sensitive to different choices of localization radius.
Therefore, 200 ensembles are applied for the following PDA reconstruction.
Besides the number of priors, the localization radius is also tested. The Gaspari-Cohn
fifth-order polynomial with a specified cut-off radius (Gaspari and Cohn, 1999) is used for the
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localization function. The 25000km localization radius is used for global SST and 500 hPa
geopotential height reconstructions based on the previous studies (Tardif et al., 2019). The 7000
km localization radius is used to seasonal precipitation reconstructions in NA in Chapter 2. Here
we performed a series of PPEs with localization radius of 3000, 5000, 7000, 9000, 15000, 20000,
and 25000 km. As with previous experiments, 20 Monte Carlo realizations are carried out, each
with 200 ensemble members based on the previous conclusion. The highest Cor and CE are
obtained when covariance localization is applied with a cut-off radius of about 7000 km (Fig. 2b).
This result suggests that a skillful warm season precipitation reconstruction can be obtained with
7000 km covariance localization configuration. We can notice that the results of sensitivity
analysis about the number of prior ensembles and localization radius for the seasonal
precipitation reconstruction in NA and Asia are similar. Both suggested that the 200 ensembles
and 7000 km localization radius produce the best reconstruction skill. This is reasonable since
they share the same reconstructed objects and similar observation network density.

4. RESULTS
4.1 The validation of reconstruction against observations
The warm season moisture reconstruction focusing on Asia (hereafter WSMA) is
developed with the expanded proxy database and the optimal ensemble members and localization
radius suggested by PPEs. The spatial verification of WSMA summer precipitation against
GPCC summer precipitation during 1901-1950 is shown in figure 2. The period 1901-1950,
rather than 1901-2000, is used to emphasize the influence of the inclusion of drought/flood grade
proxies based on Chinese historical documents. The Correlation and CE are used to quantity the
reconstruction skill. The Student's t-test is used to assess the statistical significance of correlation,
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and the Benjamini-Hochberg procedure is used to guarantee a false discovery rate of less than 5%
(Benjamini & Hochberg, 1995). The Cor is positive over most parts of Asia, except Afghanistan,
South Kazakhstan, and Tibet Plateau. The relatively good agreement, with correlation coefficient
greater than 0.4 is found over East and North China, Pakistan, the area around Lake Baikal, and
parts of West Siberian Plain (Fig. 3a). The CE shows a similar spatial distribution of
reconstruction skill with significant negative values over Iranian Plateau, South Kazakhstan, and
the edge of Tibetan Plateau (Fig. 3b). In general, the reconstruction skill is highly related to the
distribution of proxies. PDA performs better in areas with abundant proxies (e.g. East and North
China) and worse in areas with few proxies (e.g. Kazakhstan). Meanwhile, the features of natural
moisture variability also have great influence the PDA performance. For example, the low skill
over Tibetan Plateau and Iranian Plateau can be attributed to the high variability of local rainfall
due to complex topography.
We also compare the summer precipitation of WSMA and LMR version 2 (Tardif et al.,
2019). Differences in Cor and CE show skill improvements in precipitation over East and North
China, Stanovoy Range, and West Siberian Plain, while there are some regions where LMR
version 2 did a slightly better job than WSMA, such as the area around lake Balkhash (Fig. 3e, f).
This can be likely attributed to the smaller localization radius applied in WSMA. Over these
regions with less proxies, the climate variability information mainly transmitted from other
proxies around these regions through covariance matrix, and relatively large truncation
localization radius (25000 km) in LMR version 2 can make use the information of proxies within
a larger space range, leading to higher skills compared to WSMA with 7000 km truncation
localization radius. We note that verification against other instrumental-era precipitation analyses
provides the similar results (Fig. S1-S2). Another measure of fidelity in the spatial skill is the
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spatial anomaly correlation during 1901-2000 for each year (Fig. 4a). WSMA shows skill at
reconstructing the spatial precipitation patterns over Asia before 1950, while the spatial pattern
correlation is relatively low after that because of the lack of proxies. The long-term mean pattern
correlation is 0.2 (Fig. 4b). These results suggest that the WSMA can effectively capture the
large-scale summer rainfall variability in most areas of Asia during the twentieth century.
At the same time, in order to place the results in the context of previously published
reconstructions, we also compared the WSMA with two other moisture reconstructions over Asia
during 1470-1999. The first one is the Gridded Reconstruction of Warm Season Precipitation for
Asia (RAWSP; Feng et al., 2010) and second one is the Asian Summer Precipitation over the
past 544 years (RASP; Shi et al., 2018). The detailed information about RAWSP and RASP can
be found in Table 2. The skill of NASM varies widely over regions due to the differences in
proxy coverage and proxy type (Fig. 3), so the reconstruction skill is evaluated over three regions:
the midlatitude Asia (10°-55°N, 60°-135°E), monsoon boundary region (35°–45°N, 105°–122°E),
and southeast China (20°–35°N, 105°–122°E), respectively. Since the Chinese historical
documental proxies after 1950 are excluded in WSMA and included in RAWSP and RASP, the
temporal variation of regional mean precipitation in the three regions for NASM, RASP, and
RAWSP are compared with GPCC during 1901-1950 to evaluate the reconstruction skill during
the instrumental era. The three reconstructions agree well with each other during the instrumental
period, especially in the monsoon boundary region and southeast China (Fig. 4a-c and Table 3).
When GPCC is used as the verification data, the area-averaged RAWSP yield the highest
reconstruction skill over Asia with a correlation coefficient of 0.7 and CE of 0.44, while the
WSMA strongly underestimate the temporal variation of precipitation due to the lower skill over
the Iranian Plateau, Tibetan Plateau, and South Kazakhstan. In southeast China and monsoon
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boundary region, RASP did the best job (0.83 and 0.71 for Cor; 0.53 and 0.50 for CE), followed
by WSMA (0.70 and 0.69 for Cor; 0.48 and 0.44 for CE). General agreement can also be found
for the large-scale precipitation variability between the WSMA and other two reconstructions
during 1470-2000 (Fig. 5d-f). The highest correlation coefficient and CE are found in the
monsoon boundary region, followed by southeast China, while slightly lower, albeit significant,
correlations and CE are found over Asia (Table 4). All three reconstructions show a severe
drought event around 1650, the Late Ming Dynasty Megadrought, which is discussed in detail in
Section 5.
The uncertainty of WSMA precipitation is quantified by the normalized standard
deviation, which is defined as the standard deviation among 200 ensemble members divided by
the climatology of CCSM4 last millennium simulation. The normalized standard deviation is
smaller than 0.3 over more areas in Medieval Climate Anomaly (MCA, 950-1250), Little Ice
Age (LIA, 1450-1800), and Present Day (PD, 1851-2000), except the Northwest China and
Iranian Plateau (Fig. 6). For the temporal variations of the uncertainty, we can notice that the
uncertainty during 1470-1950 is much smaller than that during 800-1470 AD due to the
availability of historical documental proxies. After 1950, the uncertainty rises sharply due to the
limited amount of proxies. The uncertainty over the Monsoon boundary region and Southeast
China is smaller than that over entire Asia.
An important advantage of PDA approach is to enable dynamically consistent
reconstructions of multivariate climate states from the proxy records, so we also reconstruct
warm season global SST and 500 hPa geopotential height to provide the basic large scale
forcings behind precipitation variations. Verification of 500 hPa geopotential height and SST
during the instrumental era are shown in Figure 7. The spatial verification of SST suggested that
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the regions of moderate skill are over the tropical Indian ocean and the tropical Pacific Ocean
(Fig. 7a, b). These results show that on average there is significant skill in WSMA of SST,
especially for the most important ocean drivers, ENSO. The verification of 500 hPa geopotential
height also shows moderate skill over the tropical Pacific Ocean, but with negative CE over
North America, India, North China, Europe, and Russian Far East (Fig. 7c, d). The greater skill
in the tropics is likely related to a mostly hydrostatic response over a deep layer due to the
actively mixed moist convection (Hakim et al., 2016).
4.2 The Validation of reconstruction through PPEs
The reconstruction skill in the 20th century of WSMA has been established through crossvalidation with observations and/or reanalysis data in the previous section, but the results in the
20th century cannot represent PDA performance over the last two thousand years because the
number and coverage of proxies have changed over time. PPEs use a simulated model climate as
a test bed to evaluate the performance of a given reconstruction method through controlled and
systematic experiments (Smerdon, 2012). Therefore, PPEs are introduced as an objective
approach to examine the skill of PDA beyond the instrumental era.
In PPEs, 200 ensembles are used as priors with 7000km localization radius based on the
sensitivity analysis (see Section 3). The 20 Monte Carlo iteration are carried out. The white noise
with 0.5 SNR is added to the pseudoproxy applied to mimic the real proxy. As the total number
of proxies varies over time, four typical periods, 1-1000AD, Medieval Climate Anomaly (MCA,
950-1250), Little Ice Age (LIA, 1450-1800), and Present Day (PD, 1851-2000) are analyzed
respectively. During 1-1000 AD, although there were less than 300 proxies, the correlation
coefficient was positive in most regions, especially in South China. The higher CE (~0.3) were
also found in this region (Fig.8 a, e). The reconstruction skill during MCA is generally higher
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than that during 1-1000 AD. In Asia, the areal-weighted averaged Cor increased from 0.19 to
0.24, and CE from 0.036 to 0.400 (Fig.8 b, f). During LIA, Cor increased over most parts of Asia
with an average correlation coefficient of 0.38, while CE decreased to 0.019 due to negative CE
over the Tibetan Plateau and Southeast Asia (Fig.8 c, g). Due to the increase in number of
proxies, Cor continued to increase during PD, while CE remained negative in the Tibetan Plateau
and Southeast Asia (Fig.8d, h). The negative CE in the Tibetan Plateau and Southeast Asia is
reasonable. During 1-1000 and MCA, the reconstructed precipitation is similar to the prior due to
the small number of proxies, which is basically the climatology of CCSM4 last millennium
simulation, resulting in near zero CE value. During LIA and PD, more abundant proxies
provided the past climate information and increased the correlation of the reconstructed
precipitation, but the reconstructed precipitation overestimated the variations of precipitation
over the Tibetan Plateau and Southeast Asia, leading to a negative CE. In general, the
reconstruction skill increases over time as the number of available proxies increases in Asia, and
the higher correlation and CE are distributed in regions with abundant proxies, such as the South
China.
The spatial pattern correlation is another metrics of reconstruction skill (Fig. 9). We can
notice that the pattern correlation increased over time before 1900, and then gradually decreased
as the total number of proxies decreased. The pattern correlation over the Southeast China and
Monsoon boundary region is higher than that over Asia, which is consistent with the validation
results during the 20th century. These results clearly illustrate the impact of the total number and
spatial distribution of proxies on reconstruction skill, suggesting that the quality of WSMA need
to be evaluated at different periods and in different regions.
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5. APPLICATIONS
5.1 The moisture regimes in the past millennium over Asia
To examine the moisture regime in the past millennium over Asia, the empirical
orthogonal function (EOF) analysis is applied to the WSMA precipitation during 850-2000 AD
(Fig. 10). The EOF can be adopted to identify the spatial and temporal characteristics of one
variable. The spatial components (EOFs) and the principle components (PCs) can represent the
features of spatial distribution the temporal variation of the corresponding EOFs respectively
(Liu et al., 2020). The first EOF mode shows a cross pattern with four variation centers located
in arid central Asia, monsoonal northern China, South China, and Indian (Fig. 10a). It explains
20.7% of the total variance. The corresponding principal component (PC) is mainly negative
during MCA and positive during LIA, representing the opposite moisture regime between MCA
and LIA. In other words, the arid central Asia and South China are relatively dry, while
monsoonal northern China and Indian are relatively wet during MCA. The moisture regime in
LIA is the opposite. This spatial-temporal variation of moisture regime is consistent with lowfrequency proxies (Chen et al., 2015; Chen et al., 2008).
5.2 Late Ming Dynasty Megadrought
We exam multivariate climate variables for the most severe and extreme drought event
occurred in the Late Ming Dynasty (1637‒1643 AD) using WSMA dataset. This extreme event
played a significant role in the collapse of Ming dynasty (Zheng et al., 2014b; Liu et al., 2018;
Chen et al., 2020). Studies have been done to examine the climate background, the social
consequence, and the physical mechanism of this drought using proxy records or Earth system
model simulations (Zhang, 2005; Liu et al., 2018; Peng et al., 2014), but the temporal and spatial
distribution characteristics of this extreme in the climate models is different from proxy records
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(Peng et al., 2019). WSMA provides a unique opportunity to examine the developmental
processes and their underlying physical mechanisms.
The average precipitation percentile for the Late Ming Dynasty Megadrought are shown
in Figure 11. Dry conditions are evident over most regions of East China, with the driest
conditions centered in North China. The time–latitude Hovmöller diagram is used to demonstrate
the beginning, mature, and diminishing phases of this multiple-year drought event (Fig. 11b).
The drought event began in North China at 1637 AD, and then gradually spread southward. By
1643 AD, the affected area had expanded to its largest extent, reaching 25°N at its southernmost
point. After that, the drought suddenly diminished. This extreme drought event is related to the
eastward retreat of the Western North Pacific Subtropical High (WNPSH). Here, in order to
avoid the influence of changes in zonal mean 500 hPa geopotential height under different
climatology, the WNPSH is measured by eddy geopotential height instead of traditionally used
geopotential height (He et al., 2015). The averaged western point of WNPSH is around 125°E
during LIA, while the western point moves eastward to about 160°E during this drought event
(Fig. 12a), which is consistent with previous studies (e.g. Chen et al., 2020). This eastward
movement of WNPSH can affect the path of the water vapor from Pacific Ocean and cause this
severe drought event over East China (Zhang et al., 2017). At the same time, the SST filed shows
clearly a positive PDO patterns, with the anomalous negative SST anomalies over the middle
North Pacific, which can weaken the EASM and reduce the water vapor reaching South China
(Fig. 12b, Xue et al. 2021).

131

6. CONCLUSIONS
A new gridded warm season moisture reconstruction, including summer precipitation
over Asia and corresponding global SST and 500 hPa geopotential height during the Common
Era, has been developed using an updated data assimilation framework. The fidelity of the
reconstructed summer precipitation has been extensively verified against the independent
instrumental data. Results show skillful reconstruction in East and North China, while major
uncertainties of the WSMA precipitation exist over Afghanistan, South Kazakhstan and Tibet
Plateau due to the lack of proxy records, complex topography, or low teleconnection with other
regions. When compared with the Last Millennium Reanalysis studies, WSMA show
improvements due to the vastly expanded proxy database and the adjusted prior ensembles and
localization radius based on PPEs. For the pre-instrumental period, general agreements are found
between the WSMA and other reconstructions. In addition to the independent verification, the
upper bound of reconstruction skill is estimated based on PPEs. The results indicate that the
reconstruction skill is sensitive to the distribution of proxies.
Two examples are exhibited to show the potential applications of WSMA. WSMA can
well reproduce the major pattern of moisture variations in the past millennium over Asia. The
success in reproducing persistent drought, robust geopotential height anomalies, and SST field is
an important demonstration of the ability of PDA approach to capture specific climate
fluctuations and therefore offers confidence in the LMR reconstructions. WSMA dataset provide
the opportunity for the study of large-scale Asian summer precipitation variability to aid our
understanding of the attribution of extreme events and moisture regime.
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Fig. 1 the spatial distribution and the total number of assimilated proxies.
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Fig. 2 The areal averaged correlation (Cor) and coefficient of efficiency (CE) between original
and reconstructed summer precipitation for PPE over Asia for different choices of prior
ensembles (a) and localization radius (b).
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Fig. 3 The Cor and CE between GPCC summer precipitation and WSMA (a, d) and LMR
version 2 (b, e) over 1901–1950 AD. Regions hatched indicate the correlations are statistically
significant at 5% level based on Student's t‐test and Benjamini-Hochberg control procedure
(false discovery rate < 5%). Differences in correlations and CE between WSMA and LMR
version 2 are shown in (e) and (f), respectively.

Fig. 4. Time series of spatial correlation between WSMA summer precipitation and GPCC
during 1901-2000 AD (a) and histograms of these values (b).
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Fig. 5 Comparison of WSMA, RAWSP, RASP, and GPCC averaged precipitation over Asia,
monsoon boundary region, and southeast China during 1901-1950 AD (a-c) and during 14701999 AD (d-f). The red, purple, blue, and black lines represents the regional averaged
precipitation for WSMA, RAWSP, RASP, and GPCC, respectively. For d-f, 9-year smoothing is
applied.
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Fig. 6 The spatial distribution of normalized standard deviation for WSMA warm season
precipitation during MCA (a), LIA (b), and PD (c). The temporal variation of the averaged
normalized standard deviation over different regions is shown in (d).
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Fig. 7 The correlation and CE of WSMA SST anomaly against HadISST (a, b) and 500 hPa
geopotential height anomalies against 20CR-V3 (c, d) during 1901-1950 AD. Regions hatched
indicate the correlations are statistically significant at 5% level based on Student's t‐test and
Benjamini-Hochberg control procedure (false discovery rate < 5%).
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Fig. 8 The Cor (a-d) and CE (e-h) between reconstructed and original summer precipitation for
PPE during 1-1000 AD, MCA, LIA, and PD in Asia. Regions hatched indicate the correlations
are statistically significant at 5% level based on Student's t‐test and Benjamini-Hochberg control
procedure (false discovery rate < 5%).
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Fig. 9 The pattern correlation between reconstructed and original summer precipitation for PPE.
The black, red, and blue lines represent the pattern correlation over Asia, the Southeast China,
and the Monsoon boundary region, respectively.

Fig. 10 The first EOF and the corresponding principal component (PC) for WSMA summer
precipitation over Asia during 850-2000 AD. 30-year smoothing is applied for PC timeseries.
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Fig. 11 The averaged WSMA summer precipitation percentile for Late Ming Dynasty
Megadrought (a). Hovmöller-type diagrams for averaged summer precipitation percentile at
different latitudes (20° - 45° N) in the region of 105° - 120°E during 1632 -1650 AD (b).

Fig. 12 The location of WNPSH during LIA and the Late Ming Dynasty Megadrought (a), and
the averaged SST anomalies relative to LIA over the Pacific Ocean for the Late Ming Dynasty
Megadrought (b).
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Table 1 Records of proxies
Datasets

PAGES 2K2017

LMR

Anderson et
al., (2019)

Drought/flood grade

Bivalve

Number of
records
1

Proxy System
Model
Univariate

Corals and sclerosponge rates

8

Univariate

Corals and sclerosponge SrCa

25

Univariate

Corals and sclerosponge d18O

60

Univariate

Ice core melt feature

1

Univariate

Ice cores_d18O

28

Univariate

Ice cores_dD

7

Univariate

Lake core misc

2

Univariate

Lake core varve

5

Univariate

Tree ring isotopes

1

Univariate

Tree ring _widthPages2

343

Bivariable

Tree rings wood density

59

Univariate

Corals and sclerosponge d18O

15

Univariate

Corals and sclerosponge SrCa

5

Univariate

Corals and sclerosponge rates

3

Univariate

Ice cores accumulation

3

Univariate

Ice cores_d18O

61

Univariate

Tree ring _widthBreit

2153

Bivariable

Ice cores_dD

5

Univariate

Lake varve

2

Univariate

Drought/flood grade

101

Classification

Proxy types

Total

2888
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Table 2 The basic information about reanalysis and reconstructed datasets
Datasets

147

The gridded precipitation dataset
from the Global Precipitation
Climatology Centre, version 6
Climatic Research Unit Time-Series
version 4.01 of high-resolution
gridded precipitation data
Willmott and Matsuura terrestrial
precipitation data sets, version 5.0.1
A Gridded Reconstruction of Warm
Season Precipitation for Asia
Spanning the Past Half Millennium
Asian Summer Precipitation over
the Past 544 Years
NOAA 20th century reanalysis,
version 3
The NASA Goddard Institute for
Space Studies Surface Temperature
Analysis, version 4
Hadley Centre Sea Ice and Sea
Surface Temperature data set

Acronym

Variable

Spatial
resolution

Temporal
coverage

References

GPCC

Monthly precipitation

1.0*1.0

1901-2010

(Schneider et al., 2014)

CRU

Monthly precipitation

0.5*0.5

1901-2016

(Harris & Jones, 2017)

WM

Monthly precipitation

0.5*0.5

1900-2017

(Willmott & Matsuura,
2018)

RAWSP

May-Sep precipitation

0.5*0.5

1470-1999

(Feng et al., 2013)

RASP

June-Aug precipitation

0.5*0.5

1470 -2013

(Shi et al., 2018)

20CR

500hPa geopotential
height

1.0*1.0

1836-2015

(Compo et al., 2011)

GISTEMP

Monthly temperature

2.0*2.0

1880-2017

(Hansen et al., 2010)

HadISST

SST

1.0*1.0

1870-2019

(Rayner et al., 2003)

Table 3 Verification of regional averaged precipitation during 1901-1950 AD. Verification data
sets are given in row spaces and data sets being verified are given in column space.

WSMA

Asia

Southeast
China

Monsoon
Boundary
Region

Correlation
RAWS
GPCC
P

CE
RASP

WSMA

GPCC

RAWS
P

RASP

WSMA

1

0.53

0.59

0.57

1

-4.11

-0.13

-1.47

GPCC

0.53

1

0.70

0.62

0.26

1

0.44

0.37

RAWSP

0.59

0.70

1

0.67

0.31

-1.38

1

-0.23

RASP

0.57

0.62

0.67

1

0.32

-0.21

0.45

1

WSMA

1

0.70

0.78

0.77

1

-0.13

0.6

-0.45

GPCC

0.69

1

0.53

0.83

0.48

1

0.28

0.53

RAWSP

0.78

0.53

1

0.68

0.23

-1.99

1

-2.81

RASP

0.77

0.83

0.68

1

0.55

0.68

0.38

1

WSMA

1

0.69

0.83

0.73

1

-1.05

0.66

0.16

GPCC

0.69

1

0.56

0.71

0.44

1

0.27

0.50

RAWSP

0.83

0.56

1

0.71

0.26

-4.89

1

-1.15

RASP

0.73

0.71

0.71

1

0.54

-0.02

0.46

1

Table 4 Verification of regional averaged precipitation during 1470-1999 AD. Verification data
sets are given in row spaces and data sets being verified are given in column space.
Correlation

Asia

Southeast China

Monsoon Boundary
Region

CE

WSMA

RAWSP

RASP

WSMA

RAWSP

RASP

WSMA

1

0.57

0.54

1

-0.99

-0.85

RAWSP

0.57

1

0.81

0.33

1

0.63

RASP

0.54

0.81

1

0.29

0.59

1

WSMA

1

0.77

0.79

1

0.59

-0.21

RAWSP

0.77

1

0.78

0.42

1

-0.98

RASP

0.79

0.78

1

0.59

0.52

1

WSMA

1

0.84

0.82

1

0.68

0.51

RAWSP

0.84

1

0.89

0.24

1

-0.17

RASP

0.82

0.89

1

0.68

0.66

1
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APPENDIX

Fig. S1 The Cor and CE between CRU summer precipitation and WSMA (a, d) and LMR
version 2 (b, e) over 1901–1950 AD. Regions hatched indicate the correlations are statistically
significant at 5% level based on Student's t‐test and Benjamini-Hochberg control procedure
(false discovery rate < 5%). Differences in correlations and CE between WSMA and LMR
version 2 are shown in (e) and (f), respectively.
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Fig. S2 The Cor and CE between WM summer precipitation and WSMA (a, d) and LMR version
2 (b, e) over 1901–1950 AD. Regions hatched indicate the correlations are statistically
significant at 5% level based on Student's t‐test and Benjamini-Hochberg control procedure
(false discovery rate < 5%). Differences in correlations and CE between WSMA and LMR
version 2 are shown in (e) and (f), respectively.
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CHAPTER 5
Conclusions
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1. CONCLUSIONS
Paleoclimate data assimilation (PDA) is a widely used method to study the climatic
variations of the pre-instrumental era. This dissertation assimilated seasonal moisture variability
and corresponding atmospheric and oceanic conditions over North America (NA) and Asia for
the last millennium. The reconstructions can be used to study the seasonal, spatial, and temporal
variations of major drought and pluvial events, as well as possible large-scale oceanicatmospheric dynamics responsible for moisture variations and hydroclimatic extremes. The
findings and primary contributions for each chapter of this dissertation are summarized below:
The seasonal tree-ring chronologies have been used to reconstruct the North America
Seasonal Precipitation Atlas (NASPA) by point-by-point regression method, and the results
indicated the seasonal tree rings can fairly reproduce the warm season and cool season
precipitation variation in the past (Stahle et al., 2020a). An advantage of PDA is that the addition
of climate model data can produce reconstructions that are more consistent with the physical
processes that governing the moisture variations. Since there is no PDA-based study focused on
seasonal moisture in NA, the seasonal tree rings provide a unique opportunity to assimilate the
past seasonal moisture variability over NA, which can be used to investigate the spatiotemporal
variations of seasonal precipitation and the causal mechanisms for droughts and pluvials.
The primary contribution of chapter two is the production and validation of the Seasonal
Moisture reconstruction in North America (NASM). The verification against instrumental data
showed that the reconstructed warm seasonal precipitation is skillful in the Great Plains, the Gulf
Coastal Plain, and the Atlantic Coastal Plain, while the cool season precipitation generally has
lower reconstruction skill than the warm season precipitation due to the lake of proxies. Major
uncertainties in NASM were found over the Western US because of high variability of local
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rainfall due to complex topography and poor simulation skill of climate models. Compared with
NASPA, NASM showed improvements in most areas of NA except the Western US, especially
for the warm season precipitation. The upper bound of PDA skill for the pre-instrumental era
was evaluated by the pseudoproxy experiments (PPEs), and the results indicated that PDA’s
performance is not sensitive to from which model the priors are derived, but highly related to the
number and spatial distribution of proxies, which are in line with previous studies (GomezNavarro et al., 2015).
Chapter 3 is about the spatiotemporal features and causal factors of seasonal
megadroughts and megapluvials based on NASM. The most important finding is that El
Niño/Southern Oscillation (ENSO) is the main affecting factor for the seasonal precipitation
variability over NA in the past. Besides ENSO, the North Pacific SST and North Atlantic
Oscillation (NAO) also had strong influences on cool season and warm season precipitation
respectively. The contribution of these large-scale forcings to the hydroclimatic extreme events
are also evaluated. The results indicated that the warm season hydroclimatic extremes are mainly
affected by ENSO in the Western US and, NAO in the Southeastern US and Northeast NA. For
cool season hydroclimatic extremes, the main affecting factor(s) varies from event to event.
It would be intuitive to apply the same PDA method of NASM to reconstructed Warm
Season Moisture in Asia (WSMA). The inclusion of Chinese historical documentary proxy data,
which mainly represent the warm season precipitation, can improve the reconstruction skill
compared with the previous Last Millennium Reanalysis studies (Tardif et al., 2019; Hakim et al.
2016). The validation of WSMA precipitation show skillful reconstruction in East and North
China and major uncertainties over Afghanistan, South Kazakhstan, and Tibet Plateau due
mostly to the lack of proxies, the complex topography, and/or low teleconnection with other
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parts. Meanwhile, WSMA can successfully reproduce the persistent drought and corresponding
geopotential height anomalies and SST field, which is an important demonstration of the ability
of the PDA approach to produce the physically and dynamically consistent reconstruction.
The interaction of moisture variation between two continents or subregions is one of the
most interesting and meaningful subjects in research. The co-variability of precipitation across
North and South America has been studied using tree ring records, and the results indicated that
it is driven primarily by ENSO (Stahle et al., 2020b). The assimilation and analysis of seasonal
moisture variations over Asia and North America have been independently studied in this
dissertation. However, the interactions of moisture variations between the two continents in the
past and its dynamic mechanism still need further investigation.
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